University of Nebraska - Lincoln

DigitalCommons@University of Nebraska - Lincoln
Dissertations, Theses, & Student Research in
Food Science and Technology

Food Science and Technology Department

Summer 8-10-2012

ANALYSIS OF MICROBIAL DIVERSITY BY AMPLICON
PYROSEQUENCING
Ryan Legge
University of Nebraska-Lincoln, rmlegge@gmail.com

Follow this and additional works at: https://digitalcommons.unl.edu/foodscidiss
Part of the Environmental Microbiology and Microbial Ecology Commons, and the Food Microbiology
Commons

Legge, Ryan, "ANALYSIS OF MICROBIAL DIVERSITY BY AMPLICON PYROSEQUENCING" (2012).
Dissertations, Theses, & Student Research in Food Science and Technology. 25.
https://digitalcommons.unl.edu/foodscidiss/25

This Article is brought to you for free and open access by the Food Science and Technology Department at
DigitalCommons@University of Nebraska - Lincoln. It has been accepted for inclusion in Dissertations, Theses, &
Student Research in Food Science and Technology by an authorized administrator of DigitalCommons@University of
Nebraska - Lincoln.

I

ANALYSIS OF MICROBIAL DIVERSITY
BY AMPLICON PYROSEQUENCING

by

Ryan Matthew Legge

A DISSERTATION

Presented to the Faculty of
The Graduate College at the University of Nebraska
In Partial Fulfillment of Requirements
For the Degree of Doctor of Philosophy

Major: Food Science and Technology

Under the Supervision of Professor Andrew Benson

Lincoln, Nebraska

August, 2012

II
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Advisor: Andrew Benson
Microorganisms numerically dominate terrestrial biodiversity, and play important biochemical
and geochemical roles in the environments they inhabit. To understand structure and function of
complex ecosystems, it is essential to identify primary drivers of microbial diversity and
community structure. Historically, the study of microbial ecology was reductive, limited to
microbes able to be cultured and enumerated. Microbes meeting this criterion were thought to
comprise the dominating members of the environments they were isolated from, however,
estimates suggesting up to 99% of the endogenous species are uncultivable with existing
methodologies; a concept that reflects experimental failure, rather than a verifiable conclusion.
Therefore surveys of microbial community members relying solely on culture-based techniques
will severely underestimate the extent of microbial diversity. Analytical methods for DNA
sequencing have progressed over the last 30 years allowing for increasingly detailed analysis of
microbial communities. Microbes can be recognized and their function can be understood at the
DNA/RNA level without cultivation bias through molecular techniques which analyze content
based on microbial DNA isolated from environmental samples. Using high-capacity sequencing,
environmental samples can be characterized at resolution, ultimately allowing communities to be
compared on the basis of their taxonomic or phylogenetic content as well as on functions the
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microbes carry out. In this dissertation research, two unique studies were explored. Studies focus
on differences in composition of microbial communities as a phenotype in the GI tract of animals
in a genetic selection experiment and as a measure of contamination risk in food production with
454-based pyrosequencing of the 16s rRNA amplicon. These two studies give credence to the
applications of “-omics” techniques in addressing questions relevant to fundamental and applied
biological disciplines. Ultimately, studies like these are creating paradigm shifts in how we view
food production and human health as they begin to uncover the entire microbial community to
unparalleled levels. Continued advancements in the technology itself and the associated
bioinformatics tools will influence a broad cross-section of problems in food production, heath
care, and water and land management.
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1. INTRODUCTION AND LITERATURE REVIEW

1.1. Evolution and development of microbial diversity.
Evolution of prokaryotes has occurred over the last 3.8 billion years in responses
to varying environmental conditions (1). Due to short generation time, metabolic
flexibility and ability to acquire genomic information across phylogenetic barriers
nearly every terrestrial environment with conditions to sustain life contains microbes.
The biodiversity dominated by microorganism can regulate behavior and function of
the environments they inhabit. For example, baterioplankton are thought to be the
primary consumption method for regulating amount of dissolved organic carbon in
the Sargasso Sea (2). Microorganisms can perform functions useful to their host, as
bacteria can outnumber host cells by an order of magnitude (3), the metabolic
function encoded by bacteria in the human gut is equal to that of a virtual organ (4).
To understand form and function of complex ecosystems identifying primary drivers
for microbial diversity and community structure is essential. Since Darwin published
his natural selection theories, a fundamental idea in ecology was that spices were
motivated by competitive exclusion, later this theory was applied to microbial eclogy.
This theory implies that two species competing for the same resource will be unable
to coexist and the species more capable of acquiring limited resources will drive out
inferior competitors needing that resource (5, 6). Differences in the competitive
ability between species cause the abundance of competitors to diverge over time, with
the better competing species becoming more common (6, 7).

However, while

routinely shown in laboratory settings (6) removal of all but the one highly fit
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competitor is rarely seen in natural environments. Species coexist by occupying
different niches (8, 9). Niches define how species interact with complex
environments, species differences and their specific, unique interactions with the
environment maintain diversity and prevent competitive exclusion (7). The strength
of niche differences versus competition determines if species will coexist. If the niche
differences are strongest, species will coexist. However, if competitive differences are
strongest exclusion will occur across insignificant niche differences (10). How
strongly niche differences stabilize coexistence in natural environments has been an
intriguing question and theories have begun to address how microbial assemblages
are maintained.
The insurance hypothesis (11) is one attempt to explain microbial diversity in
ecosystems. The hypothesis suggests that high levels of diversity protect communities
from catastrophic events in the environment that might otherwise cause the system to
fail. A diverse subpopulation of organisms in this instance allows for long term
success as it broadens the sustainable conditions in which community can endure
(12).
Diversity is therefore desirable for ecosystem stability as it provides functional
redundancy as a means to protect key processes for the community survival (13).
However diversity itself is not the driver of system assembly and function as the
system itself must have the ability to comprise and sustain certain species or
functional properties to lead to stability in the ecosystem (14).
In other environments, such as the mammalian gut, populations are remarkably
stable within individuals (15). Environments within these host “super-organisms”
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attempt promote a core group of microbial populations while limiting blooms of
subpopulations detrimental to the host (13). Within vertebrate hosts having a
microbial core seems to be a universal feature (16, 17) and the establishments of
correct assemblage of microbial communities impacts host fitness (18-20). Still
functional redundancy is an important driver even in a system with low diversity. No
matter the extent of microbial diversity the collective microbial communities need to
provide enough genetic redundancy and transcriptome diversity to offer resilience to
the gut ecosystem (13). If individual species can contribute a wide range of required
responses, the community as a whole needs less diversity to maintain stability. (11)
In contrast, neutral theory assumes all species ecologically identical and niche
differences fail to explain diversity. The theory assumes that the differences between
community members of tropically similarity are irrelevant to their success in the
environment or “neutral”. Highly diverse communities are maintained because chance
extinctions are balanced by new speciation, and random changes in community
structure over time are due to ecological drift or from outside interaction being
introduced in the community. But changes in the community structure arise in an
unpredictable way (21). In this theory once a community is at capacity a new
individual can only establish if adjacent individual becomes extinct or the makes a
new space for the new community member. (21, 22)
Neutral theory predicts that all species in a community have one shared niche,
where other theories believe that species have unique no-overlapping niches. In
nature neither of these extremes is accurate but rather a balance between these events
is thought to closely relate to the natural environments’ balance. (22)
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1.2. Advances in methodology that promoted exploration of environmental DNA.

Though microbially-dominated ecosystems have been known for over a century,
lack of proper methods for identifying and enumerating microorganism has limited
our understanding of their behavior in natural ecosystem (23). There is a need for
more accurate assessment of natural microbial ecosystems. This can be accomplished
through culture independence, where details may come from following key species
and coherent phylogenetic groups of microorganisms in their natural setting. (24).
Historically microbial ecology was reductive based solely on the ability of microbes
to be cultured, analyzed, and enumerated (25); leading many to think microbes
meeting this criterion comprise the dominating members of the environments they
were isolated from. However in most environments biodiversity is dominated by
uncultured microorganisms. In some environments it is estimated that as many as
99% of the endogenous species are uncultivable with existing methodologies (26).
The inability to cultivate may species is thought to be a result of experimental failure
or a lack of knowledge of the real conditions under which most of the bacteria are
growing in their natural environments (27). This means that surveys of microbial
community members relying solely on culture-based techniques such as plate counts
or most probable numbers (MPNs), will likely severely underestimate the extent of
microbial diversity. Even “comprehensive” approaches such as standard plate counts
or spectroscopy were aimed at studying important ecological variables such as total
biomass, population sizes, fundamental processes and diversity of cultured organisms
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then depending on the characterization of these cultured bacterial isolates to discern
phylogeny (28). However, these methods lack the ability to link biomass, rate
functions and diversity to fundamental contributions (12).
One of the original discoveries that piloted a true appreciation for microbial
diversity was the use of direct counting methods by florescence miscopy (29), leading
to the immediate realization that microbial biomass in natural environments was
orders of magnitude higher than previously thought.

Not only was the species

composition greater, nearly all the cells within these biomasses were metabolically
active and therefore contributing to community structure (30, 31).
The appreciation for unexplored diversity in microbial environments led to the
idea that retrieving DNA from the total environment would, in principle, contain
genetic information about nearly all the organisms in a community. Traditionally
sequencing was done through clone based methods, where whole community DNA or
PCR enriched portions were cloned into E. coli vectors. (32) These clones could be
screened for functional properties (in the case of whole genome DNA). Plasmids
from each clone could then be sequenced using plasmid specific primers by Sanger
sequencing by synthesizing DNA on a single-stranded template through incorporation
of random chain terminators (33). These terminators would generate a range of
different fragment sizes corresponding to the terminators. Reactions were then run on
a gel or capillary to identify the length of each fragment. Each base (G,A,T,C) would
be run with the template having as a different terminator. By running the four base
terminal reactions the gel or capillary image could then be translated into a DNA
sequence (34). Diversity could then be assessed through non-parametric statistical
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analysis. One of the first studies of a complex environment led to the idea that nearly
10,000 different taxa could be found in a small 100g soil sample (35). This estimate
for numbers of taxa was orders of magnitude greater than those discovered through
culture based methods. As methods for exploring microbial diversity has progressed
over the last few decades, a consensus has developed around the idea that microbial
communities are far more diverse than previously recognized.

1.2.1. DNA extraction method.
For molecular methods attention must first be taken to minimize errors and bias
caused by impurities while processing environmental samples for their genetic
content. DNA extraction is based on a series of extractions to remove substances such
as bile salts, polysaccharides, urea, collagen, heme, myoglobin, hemoglobin,
lactoferrin, calcium ions, or dnases, rnases, and proteinases (36) that can inhibit
future molecular screening techniques (37). Accepted methods place sample materials
in a tube containing beads and subject the samples to shear stress in attempt to break
cells. Remaining material is subjected to an enzymatic cell lysis step to efficiently
release cell contents into solution (including genetic material). Further purification
removes PCR inhibitors, degrade protein, clean up the extract and finally concentrate
the genetic material. Resulting extracts can then be used for downstream molecular
testing. (16, 38-41). In a microbial survey, either total environmental DNA or an
enriched fraction of the DNA obtained from the environment can be utilized.
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1.2.2. Use of polymerase chain reaction (PCR).

The advent of PCR techniques (42) allowing for selective amplification specific
DNA segments from complex mixtures of organism in an environment was an
enabling step in development of metagenomics. Even when sample material is
abundant such as fecal matter, soil, tissue, etc. contaminating materials from these
environments can make DNA extraction problematic. However, PCR techniques
allow for purity to sacrifice quantity of DNA recovery. Since only a small fraction of
DNA is needed to achieve quality PCR reactions, DNA isolation techniques can focus
on removing environmental contaminants, i.e. inhibitors.
PCR ultimately led to the ability to amplify genes across a wide variety of
bacterial species. For the first time uncultivable or difficult to detect species could be
monitored by DNA sequence analysis from a microbial environment. The adaptability
of PCR and more specifically, the flexibility of PCR

primer design, was soon

realized leading to PCR primers targeting genes of individual species, conserved
genes of functional significance, or even conserved genes from the majority of
microorganisms. For example, specific primers are often used diagnostically to detect
presence or absence of bacterial species such as pathogenic salmonella which can be
differentiated by the presence of pagC/pagD (43). Primers targeting genes of specific
functional groups can also be used to monitor microorganisms that share an important
metabolic function such as butyrate formation in rumen bacteria (44) or the use of
nifH in culture-independent studies of diazotrophs (45, 46). However, some situations
primers are not designed for precise matches to known sequences. In cases of
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targeting unknown or distantly related sequences for isolating genes encoding for
known proteins degenerate primers are used. The strategy utilizes a pool of primers
containing most or all of the possible nucleotide sequences discovered through a
multiple alignment. Considerations should be made to avoid problems when studying
highly divergent genes as increased primer mixtures and low annealing temperatures
in these cases can cause artificial amplification. In these cases the gene of interest is
often lost in the background noise especially when looking for highly divergent genes
(47). A second approach in comparing distantly related species is utilized by
understanding gene sequence of related organisms, consensus primers that choose the
most common nucleotide at every position of multiple aligned nucleotide sequences,
allow whole microbial surveys to be done. Using PCR primers that target conserved
genes such as the 16S rRNA and rpoB or so called molecular clocks that are present
in nearly all of the microbes in a certain environment and can be amplified and used
in discerning phylogeny (32, 48-50). While useful for highly conserved gene
homologs, or primer sites, mismatches between template and primer make consensus
primers ill-suited for distantly related sequences. (47)

1.2.3. Development of a molecular clock.
The goal of a microbial assay was to tag a scientific name to a microbial
isolate. Historically this was dependent on comparison of an accurate
morphological and phenotypic description to that of a type strain or typical strain
with that of the isolate in question. Microbiologists would utilize standard
references such as Bergey’s Manual of Systematic Bacteriology, the Manual of
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Clinical Microbiology or form comparing isolates to well-characterized strains
found in databases including the Centers for Disease Control and Prevention or
the American Type Culture Collection that would summarize defining
characteristics of each type species of bacteria (51-53). In many instances perfect
matches were unable to be conclusively determined and conclusion would have to
be made about the most probable identification. While these sources gave incite to
help make ideal judgments identifications could easily vary among laboratories.
(53) Further complicating this is that phenotypic methods can only be utilized on
bacteria which can be isolated and cultured, limiting the methods to <1% of
isolates (28).
It wasn’t until 1980 that the work of Woese and others began to show
phylogenetic relationships of all organisms could be inferred by utilizing and
comparing a stable part of the genetic code (54, 55). Their work defined the 16S
rRNA gene as the candidate gene for use in inferring microbial phylogeny. Its
widespread use was adopted only after the 16S rRNA gene became categorized
and its use for phylogeny was accepted across a broad range of microbial species.
16S rRNA gene sequence recovery from complex communities has permitted
detection and phylogenetic assignment to microorganisms without the need of a
preceding cultivation step (56). Currently universal primers have been applied
with great success in virtually any environment within Earth’s biosphere including
(but not limited to) the mammalian gut, soil, and deep-sea subsurface sediments
(16, 49, 50, 57). All prokaryotes contain complete ribosomes from genes
responsible for coding the 5S, 16S, and 23S rRNA. From them the 16S rRNA has
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become the leading gene of interest in determining the phylogenetic diversity of
prokaryotes. The 16S rRNA is 1500bp nucleotide that assembles efficiently with
the 30s small subunit (SSU) of prokaryotic ribosome. Effectively the 16S
molecule underlies the structure and function of the ribonucleoprotein in
prokaryotes (58). The 16S molecule forms a critical portion of the overall SSU
and has the catalytic function of binding Shine-Dalgarno sequences of mRNAs to
help imitate translation (59). Its usefulness in phylogenetic analysis is due to the
fact that it has highly conserved variable and hyper variable regions. PCR
products deigned to target the conserved regions will amplify DNA from a large
population of prokaryotic cells and the amplicon spanning the conserved regions
is variable enough to detect evolutionary shifts (54). These shifts can discern
phylogeny for those same microbes allowing for further inference to provide a
method of taxonomic identification (48). The evolution of the gene is congruent
with speciation the 16S rRNA gene has been described as a ‘molecular
evolutionary clock’.
The 16S rRNA gene target is utilized through directed PCR at conserved
regions which amplify either the entire 1500bp gene (60) or a segment of the gene
containing one of the nine variable regions (61). 16S rRNA gene PCR primers
can be designed to target a small subset of microorganisms or can be universal,
amplifying nearly all eubacteria and archeal species (62, 63). The 16S rRNA gene
was chosen due to its essential function in the host, occurrence in all prokaryotes,
functional consistency, and the fact different positions in the sequence changes at
different rates allowing the organisms to be studied across evolutionary time (64).
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The gene can be easily extracted and sequenced directly and rapidly, and the 16S
rRNA gene consists of many domains allowing them to have multiple sites for
evolutionary comparisons (54).
Of course, any method suffers from limitations and bias. Problems with 16S
rRNA arise from the fact that microbes contain variable numbers of rRNA gene
copies. Even within a species there can be 2-5 fold difference in rRNA copy
number between strains. This can cause variation in PCR amplification and
difficulties in analysis and interpretation of 16S rRNA studies. In this sense, some
isolates may be over- or under-represented when 16S rRNA genes are used in
community analysis (65). The abundance of ribosomes in the environment should
therefore be a species-dependent function of the number of individual cells and
their growth rates to adjust for copy number differences. When looking at
complex communities this should provide an estimate of each species to the entire
protein synthesis capacity of the community (66).

1.3. Pre-sequencing molecular microbial methods.
Though methods for preparation of whole environmental microbial genetic mass
or amplified PCR sequences (amplicons) were developed in the 1980’s, DNA
sequencing was laborious at that time. Thus, several analytical finger-printing
techniques were developed to allow for relatively simple comparisons of microbial
diversity between samples. Methods such as denaturation and temperature gradient
gel electrophoresis (DGGE/TGGE) and terminal restriction fragment length
polymorphism (T-RFLP) gave relatively quantitative means for comparing microbial
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content of multiple samples (67-70). Probe based methods such as fluorescent in situ
hybridization (FISH) and probe-based platforms such as phylochips utilize probes to
visualize community interactions. Stable isotope probing (SIP) was developed using
radioactive isotopes to probe microbial functions in the community.
Early Sanger based clone sequencing of all 16S amplicons were applied to around
250,000 16S rRNA genes across all environmental communities (71). In two larger
example sanger based clone sequencing of all 16S amplicons covered nearly 11,831
bacterial and 1524 archaeal near-full-length, non-chimeric 16S rDNA communities in
the human gastrointestinal (GI) tract (32) and only 21,752 16S rRNA isolates were
recovered and sequenced from 111 diverse physical environments in studying global
patterns in bacterial diversity (72). In 2005, with the introduction of massively
parallel (so called Next-Gen) sequencing cost and effort in analyzing microbial
communities quickly caused the demise in the use of traditional clone libraries as one
sequencing run can yield more 16S rRNA reads (while in shorter length) than the
collective efforts of all previous sanger clone based sequencing projects (71). From
its origin, progresses in microbial ecology have been closely connected to technical
and methodological developments.

1.3.1. Denaturation

and

temperature

gradient

gel

electrophoresis

–

(DGGE/TGGE).
DGGE or TGGE rely on the principle that short segments of double stranded
DNA will denature into ssDNA a temperature or denaturant concentration
necessary to overcome the collection of individual hydrogen bonds. Gradient gels
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take advantage of the fact that three hydrogen bonds in G/C base paring
contribute more significantly hydrogen bonding in dsDNA than A/T base pairs
which contribute two bonds. Therefore, DNA of a higher G/C content requires a
greater denaturant or temperature and will subsequently migrate further on a
denaturing gradient gel. Complete DNA separation of DGGE amplicons is
avoided by incorporating an artificial GC clap at the end of the amplified
molecule. As the amplicon migrates through the increasing denaturant gel it will
form a largely ssDNA fragment with a dsDNA bridge of guanine and cytosine at
one end, effectively stopping the fragment at its denaturation point. Each band on
the gel is a measure of a specific organism and the bands collectively provide an
indication of species diversity. Changes in banding pattern over time or treatment
suggest how community structure is fluctuating in response to the variable.
Gradient gels can be used to identify spices in a community through excision and
sequencing individual bands of interest.
The technology expanded versatility over traditional methods, and as a
molecular analytical tool, allowing for a complex microbial environment to be
studied collectively (73). The major drawback is its limited ability to only resolve
most abundant or top taxa in a community. In addition, the 16S rRNA segment
that is analyzed and the denaturant concentration range have to be modified for
different groups of microorganisms. Low abundance microbes fail to produce
strong enough bands for visualization (27). Samples with high levels of diversity
are difficult to resolve with gradient gels and species phylogenetic information is
limited to bands that are able to be removed and sequenced. DGGE/TGGE is
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especially useful when a microbial community is dominated by a few members,
as time points or multiple samples can be represented in one gel image and easily
visually compared through presence/absence or intensity of bands. (27, 73).

1.3.2. Terminal restriction fragment length polymorphism – (T-RFLP).
T-RFLP is based on PCR amplification of a target gene (16S rRNA) where
one or both primers are fluorescently labeled at the 5’ end. DNA from the
environment is amplified with universal primers; the resulting amplicons are
subjected to a restriction reaction normally using a four-cutter restriction enzyme
(74). While the amplicons obtained from the microbial samples would show only
limited variation in length, restriction sites may be found at very different sites
within the target amplified gene. These difference are sequence specific and
therefore potentially taxon specific. The sequence fragments are separated
through the use of capillary or polyacrylamide electrophoresis in a DNA
sequencer measuring different terminal fragments by a fluorescence detector.
Only the terminal fragments that have been labeled are read and the resulting
graph is a visualization of the florescent intensity versus size. (75) T-RFLP in this
regard can be used with DNA to show complex microbial communities and
produce fingerprints of the general microbial community composition (76). In
theory each peak should correspond to a genetic variant (which can be probed to a
curated database) and the intensity to its relative abundance giving a
comprehensive picture of microbial diversity. This is not always true as often
several different bacteria in a community might give a single peak when
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restriction sites for a particular enzyme occur at the same position. While T-RFLP
is reproducible (68) technical problems arise including incomplete digestion of
environmental DNA and the formation of pseudo terminal restriction fragments
(T-RFs) created from amplification of single stranded products, both would lead
to an overestimation of diversity (77). Even without these biases, when applied to
complex microbial communities each discrete peak may result in an unknown
number of distinct species.

1.3.3. Quantitative PCR – (qPCR).
Quantitative real time PCR (q-PCR) is a florescent analytical method. It
utilizes florescent binding of dsDNA in a sample. Differing from traditional PCR
data is collected as the genes are amplified in ‘real time’. The method identifies
the number of cycles a sample takes to become linear before reaching saturation,
with fewer cycles signifying a higher the amount of a bacterial species. q-PCR
provides an extremely accurate quantification but is limited by the number of
samples that can be directly tested as specific probes are designed for each
bacteria of interest.

q-PCR has been utilized to examine total microbial

communities and the relative proportions of specific phylotypes within a number
of unique environments (78-80). q-PCR can address metabolic potential of the
microbial biomass by exploring specific biological functions utilizing probes
targeting functional genes (81, 82). q-PCR is limited in that it requires extremely
accurate controls for inferring cell mass or gene copy. It is advantageous when
highly quantitative results on specific microbes or particular functional potential
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of the community needs to be studied and prior knowledge of the sample is
necessary for meaningful probes. Careful attention needs to be developed in
producing secondary microbial specific assays to allow for creation of standard
curves required for quantification. (83).

1.3.4. Stable isotope probing – (SIP).
Previous taxonomic and functional screens are limited in that not all
microorganisms screened for a particular function will necessarily share the same
genetic makeup as functional redundancy exists. A particular functional group
may be underrepresented through the exclusion of these organisms and their
function to the community. An alternative approach to link metabolic function to
phylogenetic identity is to isolate microbes by their function and then determine
their identity using molecular methods. Coupling molecular biological methods
and staple-isotope probes in biomarkers, a cultivation independent strategy can be
used to link bacteria with their environmental functions (84). SIP begins by
introducing stable isotope-labeled nucleic acid or fatty acid substrates into a
microbial community. DNA or fatty acid synthesis during microbial growth on a
substrate enriched with a ‘heavy’ stable isotope (C13) becomes labeled and can be
resolved from unlabeled DNA by density-gradient equilibrium centrifugation in a
CsCl gradient (85). Organisms that appear labeled are then associated with the
biological processes from which the label was obtained. In the case of labeling
nucleic acid, members that are actively growing can be identified. Organisms
branded as utilizing the radioactive incorporated substrate can be resolved from a
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density gradient centrifugation. DNA sequencing and fatty acid profiles can then
be used to identify taxa in the labeled pool (86). A principal concern is
determining if the target organisms will utilize a substrate in high enough levels to
collect a sufficient proportion of ‘heavy’ stable-isotope, without degradation, to
allow for collection of the enriched community DNA. SIP main drawback in
molecular ecology is that communities cannot be studied in their entirety as
functional screens must be developed for each community function of interest. On
the other hand, SIP provides tremendous information about the relationships of
taxa and function in different ecosystems or segments of an ecosystem.

1.3.5. Nucleic acid hybridization arrays
Hybridization arrays (microrarrays, beadarrays and phylochips) utilize
specifically designed probes attached to a solid surface that can bind fluorescent
dyed DNA complementary to those makers. The labeled DNA originating from
the sample can then be assigned phylogeny or function based on the information
known about the original probes. Arrays rely on oligonucleotide probes of 16S
rRNA from specific groups of organisms to discern phylogeny. (87, 88) and, as
such, can define community composition or function. Community genome
microarrays would be useful in identifying core differences of critically important
microbes in a sample. Through phylogenic, functional, and community genome
microarrays are able to capture a much broader characterization of community
structure than the above mentioned PCR based methods. This technology would
be well suited for identification across multiple specific groups of microbes or a
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gene functional group that is significantly important to the experiment or
environment studied. However prior knowledge of the microbial composition is
necessary for designing meaningful probes specific to the environment being
sampled (87). In this regard microarrays often show highly skewed distributions
of microbial species (89). The signal to noise ratio of array-based studies also
suffers from cross hybridization between closely related species, genetic
variations between strains within species and differential efficiencies of isolation
DNA from a heterogeneous mixture of species also cause problems with the array
technologies.

1.3.6. Fluorescent in situ hybridization – (FISH).
Unlike other nucleic acid-based assays, fluorescent in situ hybridization
(FISH) allows visualization of the collective microbial community, such that
phylogeny, morphology, localization, and abundance all can be measured. FISH is
a probe based system comprising fluorescently labeled nucleic acid probes that
bind to taxa of interest. These labeled oligonucleotide probes are diffused into
fixed and permeable cells effectively labeling intact cells. . Florescent labels from
a fixed environmental sample are then viewed under confocal laser scanning
microscopy. Multiple hybridizations are possible because probes labeled with
different fluorescence dies can be applied in parallel to the same hybridization
experiment (90, 91). For taxonomy-based studies FISH utilizes oligonucleotide
probes specific for the 16S rRNA, with the degree of conservation of the probe
target sequence governing the level of taxonomic depth that can be discerned by
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the probe (92).

Alternatively, functional genes can be targeted, allowing

visualization of all cells contributing to a function of interest.
FISH has been used to examine symbiotic interactions between viable cells
within complex microbial environments and as a method to measure how
interactions are effected by stimulus (90). Clearly, one of the greatest advantages
of FISH is the direct visualization of labeled cells. However there are several
reasons for the absence of FISH signals. The detection limit of FISH is high as
between 103-104 cells/ml (or copies of the target sequence) of sample are needed
for visualization (92). Targeted cells with a cell envelope may be less permeable
to the fluorescent probes after standard formaldehyde fixation; as in many grampositive bacterial requiring pre-treatment steps (93, 94). Target sites of rRNA may
be inaccessible to the probe due to a high secondary or tertiary structure or
binding of ribosomal proteins (95). With significant variation from permeability
and target accessibility, one could well develop a biased view of the community.
Thus, some prior knowledge of community structure is required to design probes
encompassing critical areas of the community structure and make meaningful
FISH experiments.

1.4. Sequencing.
Quantifying the degree of microbial diversity was hampered by the inconsistency
between the degree of the microbial community that could be measured and the actual
community size. The advent of high throughput massively parallel sequencing
technologies allowed for more environmental samples to be sampled at a higher level
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of phylogenetic diversity, generating more robust methods of inferences between
environments. The goal of a metagenomic sequencing study is to sequence an entire
microbial community without isolating or cultivating individual organisms. This is
accomplished by sequencing the mixture of bacterial genomes comprising the
community of DNA. The metagenome are the set of microbes that make up the
environment together their genetic mass makes up the collective genome. As a
comparison, if present in equal amounts a community of 1000 bacterial species would
produce a metagenome roughly the size of one human genome (96-99). The taxa in a
metagenome are not present in equal prevelence as the genomes of a small number of
taxa may comprise greater than 90% of the biota while the genome of hundreds of
rare community members can represent less than 1% of biota.
DNA sequencing can be used to quantify abundant community members and gain
tremendous insight into phylogenetic and functional relationships. Early studies used
Sanger sequencing (33) of 16S rRNA gene libraries made by cloning 16S rRNA
amplicons into E. coli (32, 48, 55, 100). Sequence by clone based studies afforded the
first high-resolution snapshots of microbial communities. Because of the cost and
effort required, sequencing depth for each sample was limited, usually to the 100
clones. Nonetheless, tremendous strides were made in understanding community
structure.

1.4.1. Massively parallel sequencing.
In 2005, a breakthrough in parallelizing DNA sequencing was announced,
leading to the so-called “next-generation” of sequencing. With this technology
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large communities can be studied based on phylogeny and/or function. Two
platforms are commonly used for sequencing study.
1. The Roche 454 FLX platform uses “pyrosequencing.” This occurs through
incorporations of a deoxynucleotide triphosphates (dNTPs) base into a
synthesized DNA chain which releases a pyrophosphate. The pyrophosphate
subsequently serves as a substrate for enzymatically production of ATP. In the
presences of luciferase the ATP then leads to production of a quantifiable amount
of light. The light output is then detected by a camera. This reaction is carried out
on beads that contain millions of copies of a single DNA molecule. Two major
parallelization steps were developed; the first was to simultaneously reproduce
DNA fragments bound in a 1:1 ratio to small beads - These molecules are then
colonially amplified in an oil-water emulsion containing PCR regains in micelles
that are able to be occupied by only one bead. After harvesting, the beads are
settled into wells of picotiterplate containing millions of wells along with
enzymatic reagents. Sequencing occurs through repeated cycling flows of thin
films of dNTP across the wells. Base incorporation leads to production of photons
that are detected by a camera every seven seconds. Each cycle contains a different
dNTP and a picture is taken after each cycle measuring light produced in each
well. Thus the sequential collection of images are analyzed to measure the
intensity of light. The amount of light which determines if a specific dNTP in that
flow was incorporated or how many dNTPs were incorporated in that flow when
homopolyer runs are present. This is then translated to DNA sequence for each
bead. (99, 101)

22

2. The Illumina (Solexa) GAIIx platform functions by attachment of DNA
fragments to a plate through hybridization of oligonucleotide adapters linking the
DNA fragment to oligonucleotides on the plate. Fragments are amplified locally
within clusters creating locally high densities for identical fragments. Flows of
four different fluorescently dyed dNTPs are run over the plate. These highly
specific dyed dNTPs distinguish the bases and block further incorporation once a
dNTP has been added to the DNA fragment. After a round of synthesis a camera
records the fluorescent signal, the dyes are cleaved (freeing the 3’-OH of the
chain), and another cycle of reagents is able to be added and integrated. Images of
all the fluorescent images are analyzed to create a DNA sequence. (99)
Both technologies analyze samples through a sequence by synthesis
method. Software sorts out high quality sequences by sample which can be
compared across multiple samples and runs. (102-107) Differences arise as the
Illumina platform has much more sequencing depth at 40 Gb compared to
Roche’s 400Mb while Roche 454 produces long reads of greater than 400bp (106)
lengths compared to Illumina which is currently producing reads up to 150bp
(112).
With the ability to sequence hundreds of samples on a single sequencing run
to depths previously unattainable by traditional clone based sequencing, the
massive parallelization made it possible to characterize features of complex
microbial communities in depth, providing detailed descriptions of composition
previously unattainable.
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Next generation sequencing has been utilized to describe and define
community composition in multiple environments especially in cases were
environments were under-sampled or their microbial composition was previously
unknown. Comparative studies between these environments determine how
diversity is distributed between samples. Quantitative results allow for the unique
ability to understand shifts in microbial populations in an environment. The
technology has made it possible to explore microbial communities in the
quantitative interactions within them. Parallelized sequencers uncovered a much
higher microbial diversity than previously understood. (16, 40, 41, 50, 108, 109).
Two approaches are commonly utilized to characterize microbial communities:
16S rRNA gene sequencing (amplicon sequencing) defines community
composition based on taxonomy of the microbes present in a sample. Whereas
metagenomic whole genome sequencing (shotgun sequencing) utilizes the
collective genetic mass, in this regard it is able to uncover phylogeny and
microbial functions present in the environmental sample. However, much more
effort, in the laboratory and computationally, is required to complete such a study
compared to amplicon analysis, especially when dealing with a large number of
samples.

1.4.1.1.

Amplicon Sequencing

Ultra deep sequencing of target PCR amplified sequences from the 16S
rRNA gene provides a relatively simple means to identify and quantify
organisms in an environment. Total DNA can be isolated for hundreds of
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samples, and the 16S rRNA composition of each sampled is represented by
utilizing universal primers for the 16S rRNA in PCR reactions from each
sample. Using bar-coded primers, the PCR products from each reaction can be
pooled and sequenced in parallel. The diversity can be estimated from the
sequence data using the proportions of individual sequence types as a proxy
for the relative abundances of organisms in the sample. By producing
sequence of each microbial variant in an environment diversity can be directly
explored even in samples were no prior knowledge of the composition exists.
In this regard sequencing has enabled a more comprehensive view into the
diversity of organisms dominating an environmental habitat (50, 110, 111).
Currently none of the current next generation sequencing platforms allow for
full length coverage of the 16S rRNA gene so emphasis has been on
identifying variable regions most useful in species identification (61). Because
of the longer read lengths (106) achieved through Roche 454 based
pyrosequencing it became the platform of choice in 16S rRNA analysis (20,
40, 41, 49, 50, 57). The longer reads yield more information about the 16S
rRNA and thus give a more accurate classification. The typical goals of a 16S
rRNA survey are defining and comparing communities on the basis of their
microbial phylogeny or taxonomic content (61). Surveys can be achieved
without an absolute account of all the species present. On a biological basis,
enough resolution is needed to distinguish whether samples have similar or
dissimilar taxonomic or phylogenetic content. 16S rRNA amplicon
sequencing allows for comparisons to be performed accurately and is
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especially useful in defining variability between environments (113, 114),
between healthy or diseased states (20), identifying factors that explain
variation between many biological samples (16, 115). Barcoding samples
allows up to 200 samples to be sequenced in parallel achieving an average
sequence depth of 5000 sequences/sample. Software then separates the
samples and bins respective sequences within each sample (71). This allows
for sequencing to achieve a higher dynamic range across more samples at a
cheaper cost per sequence than previously developed Sanger clone methods
(111).
Technical problems have been observed which are intrinsic to sequencing
error rates of 16S rRNA genes (116). Overestimating of the rare biosphere is
likely and attributed to pyrosequencing errors (117, 118). Systematic artifacts
may lead to overestimating taxon abundance (119) and primer pairs used in
the study greatly influence estimates of microbial community richness and
evenness (120).
By removing traditional cloning from the methodology and directly
sequencing the 16S rRNA gene from pooled DNA much of the biological bias
associated with cloning is removed. However amplicon products are still
subjected to the biases inherent to any PCR based experiment. Amplicon
sequencing is limited to describing quantifying the species present and even
with long reads of modern 454 sequencers many organisms cannot be
accurately classified below the genus level (111).

While studies have

compared technical replicates of sequencing reads on a small scale (16), the
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reproducibility of amplicon sequencing across a large number of biological
replcates is still a question that still needs a definitive answer (121).

1.4.1.2.

Shotgun Sequencing

A survey of 16S rRNA genes is useful in defining the community present,
however, unless the microbes identified are well studied and well classified
the 16S rRNA gene alone will not provide information on the role the
organism has in the microbial community (122-125). By utilizing total
environmental DNA and sequencing the entire genetic content of a mixed
microbial population not only will phylogenetic markers such as 16S rRNA
or rpoB, recA (126) be detected but also the sequence of many dominant
genes in the environment can be extrapolated; allowing for the functional
properties of the metagenome to be extrapolated for the environment studied.
Use of total environmental DNA is achieved by random sheering of the total
environmental DNA into short segments (400-800 bases) and sequencing the
short segments to assign functional properties and biological processes
fundamental to the microbial environment (127). Initially metagenomic work
was done on the Roche 454 pyrosequencing platform (39) as short reads were
too difficult to assemble and assign phylogeny accurately without known
reference genomes, however, with length increases in the Illumina GAIIx
platform from its initial production of 75bp reads to the 150bp now the reads
generated do not appear to be a challenge for assembly of metagenomic whole
genome sequencing. Furthermore assignment is streamlined with the use of
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the increasing amount of reference genomes publically available. Currently,
Illumina is the platform of choice as it can sequence much deeper, 40 Gb
compared to 454’s 400Mb, for a slightly higher cost. The short reads are
sufficient for preforming BLAST searches and comparisons of sequence data
to reference genomes. However, short reads seem to be limiting in assembling
genomes from metagenomic studies. By using curated databases to assign
function and since many of the genomes of the environment are from
unknown organisms the technique probably underrepresent the true diversity
within the environment. With the cost of sequencing dropping new reference
genomes are constantly being sequenced; creating better databases of
reference sequence which is critical to expand the information obtained from
metagenomic studies (111). Approaches using highly curated de novo
assemblies of complex metagenomes have also been successfully used to
understand community structure and function by mapping reads or using
BLAST to make informative sequences from other environmental samples to
the original de novo assembly (17, 128).

For exploratory purposes the

technology would be ideal to search for possible microbial keystones within
environments or for gene content that is key to a microbiome development
(39, 113, 114). In metagenomic studies, overestimating diversity is likely as
all reads have the potential to include sequencing errors intrinsic to next
generation sequencing platforms (119). Therfore taxa and gene assignments
can be skewed as these errors may lead to false assignments.
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1.5. Bioinformatics
Sequence output from Next-generation platforms is substantial. Production of 16S
rRNA sequences are 10-fold over previous clone based Sagner sequencing methods
leading a million sequences produced in a typical 454 run. Typical metagenomic
whole genome sequencing can produce terabytes of sequence.
While a true alignment based analysis is still the best method for analyses of
sequence data, the depth produced carries too high of burden on current computers.
To handle this volume of data new approaches in bioinformatics to discern phylogeny
and community structure have been developed. Currently two broad types of analysis
are usually employed to a break down samples: database dependent and database
independent approaches. While far from exhaustive, the methods describe summaries
of the common methodologies utilized in examining sequence data.

1.5.1. Database dependent bioinformatics
Amplicon database dependent analysis: Database dependent informatics is so
deemed because classification of the query environmental sequence is dependent
or matched to an entry previously curated in a database. 16S rRNA sequences
from each sample in an experiment are analyzed through known databases,
primarily Greengenes (129), SILVA (130) or Ribosomal Database Project (RDP)
(131). The databases are utilized to assign a query sequence to a hierarchical
taxonomy. RDP CLASSIFIER uses a naïve Bayesian rRNA classifier which is
trained on known type strains of 16S rRNA sequences from its own curated
database. To circumvent computation demands of alignment, frequencies of all
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sixty-four thousand possible eight-base subsequences (words) are calculated for
the training set sequences in each of the approximately 880 genera and the joint
probability of observing the words in the submitted query can be calculated
separately for each genus from the training set probability values (131). Following
the naïve Bayesian assumption a query is assigned to genera with the highest
probability (132). For analysis only a subset of the words are used for joint
probability calculation, and the random selection and probability calculation is
repeated for 100 trials. The number of times a genus is most likely out of the 100
bootstrap trials gives an estimate of the confidence in the assignment to that genus
(61). Higher-order assignments sum the results for all genera under each taxon.
Both Greengenes and SILVA are utilized through an accessory program
ARB(133). SILVA contains 618,442 high quality small subunit (SSU) bacterial
isolates and Greengenes contains 1,049,116 SSU sequences over 1250bp. ARB
takes these established databases and handles them using hierarchical taxonomy
of the sequences and their associated information. ARB with SILVA or
Greengenes creates phylogeny through suffix trees to find 40 closely related
sequences creating a reference alignment. Reference sequences are transformed
into partial-order graphs while still preserving their positional identity. This graph
allows for swapping between different references to create optimal alignments
(133). Further variability statistics are applied to give weight to conserved
proportions and results are reported to the database in ARB. Alignment quality
scores are given for each query sequence where sequence identity of over 90% is
considered high classification. After taxonomic assignment, samples are
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normalized by counts and statistical analysis is performed to probe any significant
taxa between communities of interest.
Whole genome metagenomics database dependent analysis: When utilizing
metagenomic whole genome sequence, databases are still utilized to assign
function and phylogeny to sequence reads or to create a reference assembly. This
is accomplished through comparison to reference genomes or to curated sequence
databases. The first step in defining any metagenome involves a comparative
analysis against various taxonomic and protein databases. This is done through
tools such as BLAST which gives a snapshot of the community structure.
Metagenomic assemblies can be done with software packages such as Roche
Newbler, AMOS or MIRA. The software use reference data sets to compile
metagenomic samples (134). In all reference based assemblies the quality depends
on the availability, amount, and quality of representative genomes for comparison.
Differences, such as insertions, deletions or polymorphisms, between the
reference and sample can lead to fragmented assemblies or fail to cover divers
regions (134).
These comparisons are at a high computational cost but provide the basic data
for subsequent analysis such was phylogenetic profiling and comparisons,
functional annotations, metabolic modeling and reconstruction, or simply binning
of similar sequences (135). Further expansion of this basic study can be achieved
by comparative analysis to annotated reference metagenomes or bacterial
reference genomes. Metagenomic (MG)-RAST (135) can be utilized quickly to
accomplish this task. MG-RAST unitizes the SEED framework (136) for
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comparative genomes. With this system users upload relevant metagenomic data
alongside raw sequencer output. Data is normalized, processed and summaries
with annotations are automatically generated. The MG-RAST server then
provides the users several tools to access different types of data from the ability to
reconstruct phylogeny and metabolic structure to the capacity of comparing
metabolism and annotations of one or more metagenomes or genomes of
importance (137). MEta Genome ANalyzer (MEGAN) (138) also utilizes initial
user generated BLAST output for a sequencing run. In this regard MEGAN is
dependent on the NCBI taxonomy for phylogeny and NCBI Clusters of
Orthologous Groups (COG) (139) classification for function. By performing a
phylogeny MEGAN places each read of a given dataset into one taxa of the NCBI
taxonomy. Reads matching significance in more than one BLAST species are
assigned taxonomy to the lowest common ancestor (LDA) (138). Functional
analysis utilizes the COG annotations which clusters genes into functionally
related groups. Sequence is assigned into these COG categories by abundances.
While COG analysis is readily incorporated in the BLAST input file used by
MEGAN and is still used in publication, the COG classification is no longer
curated, limiting its usefulness (140). To incorporate a more sophisticated
functional analysis MEGAN also has the ability to use Gene Ontology (GO) (141)
as a classification structure for binning environmentally generated sequence. GO
annotations provide three hierarchical levels of ontologies. 1. Molecular function
describes what the gene does at the molecular level. 2. Biological process
describes what cellular processes the gene participates in. 3. Cellular component
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details where the gene product is usually found within the cell (140). MEGAN
again uses a LDA approach to assign each read to one node in each of the three
GO ontologies. GO ontologies are not directly reported by BLAST so MEGAN
uses a ref-seq table to assign GO terms to sequence reads. Reads are assigned a
specificity score based on the number of annotated genes for a single GO term
and its decedents compared to the total number of annotated genes. Once an
annotation is complete MEGAN offers many visual comparisons of metagenomes
as well as a chart based output, correlating nodes to read abundances for
downstream use in statistical applications (140).
Regardless, if 16S rRNA metagenomes or whole genome metagenomes are
utilized all methods described above rely on a previously available and highly
curated dataset to be utilized for meaningful conclusions. However when
exploring novel environments or when looking for rare members that may be
under sampled in databases alternative database independent methods are needed.

1.5.2. Database independent bioinformatics
Amplicon database independent analysis: Database independent methods
rely solely on the sequence data generated to compare sequences based entirely on
their similarity to one another and do not rely upon on any databases for
assignments. Cd-hit, UCLUST, BLASTCLUST and RDP pyrosequencing pipeline
are a few of the main strategies for identifying sequence relationships by cluster
analysis. Clustering a sequence in a dataset requires an all by all comparison, and
is therefore very time consuming. BLASTCLUST (142) and methods using it
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compute the all verse all similarity, and in doing so are very time consuming.
These methods require much computational effort and are therefore not suited for
clustering large sequence assemblies. The ribosomal database project (RDP) (131)
developed a sequencing pipeline for taxonomic independent analysis. In this
process sequences are aligned using the infernal aligner which will assign a
similarity score based on aligned set of sequences. In this the RDP pipeline is not
a true database independent approach however the database is not utilized in
assignment of taxonomy as the above mentioned datasets. Alignments generated
from infernal are then used in a complete linkage clustering algorithm. The
algorithm bins sequences through a user defined threshold. The advantage to the
RDP pipeline is that clustered sequence files can be directly used by several
common tools to measure alpha and beta diversity indexes. However, RDP is still
limited to clustering of 150,000 unique sequences so is still not well suited for
large scale experiments. The RDP pipeline is limited to 16S rRNA sequences as
the initial aligner is still reliant on a training set of ribosomal sequences. To
handle these large volumes of sequence data and to avoid the need for training
sets direct clustering approaches are employed. Cd-hit (143) uses a greedy
incremental clustering algorithm method. Sequences are sorted in order of
decreasing length, with the longest being representative of the first cluster. Each
remaining sequence is compared to the representatives of existing clusters. If the
similarity with any representative is above a given threshold it is grouped into that
cluster, otherwise a new cluster is defined with the sequence as its representative.
Clustering is established using k-mers by calculating the amount of identical

34

residues over a 100 residue window which relates to a given threshold. UCLUST
(144) uses a global alignment of the query to a target that exceeds the user given
identity threshold. Query sequences are processed in input order with the first
sequence defined as the first representative seed. Each global sequence matching
the seed is binned according to the identity threshold. If the query cannot be
binned in the current seeds it becomes the seed of a new cluster. While allowing
clustering of millions of sequences, these methods are limited in that additional
steps are required to assign taxonomy or function to representative sequence.
After clustering approaches are completed samples are again normalized by
counts and statistical analysis can be performed to probe any significant
differences between communities of interest.
Whole genome metagenomics database dependent analysis: De novo
assemblies from short reads directly are still challenging. New techniques are
beginning to overcome this obstacle, such as methods that conservation at the
gene level (145), are promising especially bacteria or archaea where species have
high-coding densities (146). Assembly tools, such as SOAP (147)or Velvet (148),
are develop based on de Bruijn graphs in which the software looks for areas
representing overlaps between sequences. Metagenomic de novo assemblies often
demand a large computational load utilizing hundreds of gigabytes of memory
and consuming days of computational time to complete analysis. Further
complicating assemblies, microbial communities usually have great strain and
species variation limiting the use of assemblies assuming clonal genomes.
Metagenomic assemblers, such as MetaVelvet and Meta-IDBA (149), have been
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developed recently to remove clonal assumptions that may lead to suppressions of
contigs for heterogeneous taxa. The assemblers attempt to identify representative
of related genomes from sub-graphing of the entire de Bruijn graph. Metagenomic
sequences can be otherwise partitioned into species bins through the use of kmers. Sub-graphs or bins are then resolved to build a consensus genome (134). De
novo assemblies of complex metagenomes have also been successfully used to
understand community structure and function by mapping reads or using BLAST
to make informative sequences from other environmental samples to the original
de novo assembly (17, 128). However, these all assemblies after complete are still
reliant on database information to make meaningful conclusions, and
implementation of complex assemblies for metagenomics is still in infancy.
Accuracy of assemblers is difficult to assess as metagenomic data has no
references for comparison. A highly curated (database-dependent) dataset for a
diverse microbial community with known reference sequences will always be
required (134).

1.6. Limitations of molecular methods.
Each step of a community analysis is subject to error or bias including cell
lysis, DNA extraction and purification (150, 151), choice of primer (61), and PCR
conditions. Some of these limitations can be detected, such as chimeric sequence
formation and others can be minimized through optimization of the PCR
conditions. However, it is unlikely that a single set of parameters will be optimal
for all microbes making up a mixed sample (152). There are some inherent
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complications with amplification. Universal primers, in theory, should amplify
sequences from all microorganisms equally. In practice this is not the case as
amplification is shown to introduce bias in a community analysis (153, 154).
Although the 16S rRNA marker has been invaluable in developing phylogenybased taxonomies and discovering novel microbial diversity, a single gene clearly
doesn’t represent all diversity within an ecosystem. In a species such as E. coli too
strains may share identical 16S rRNA genes but vary in genomic content by as
much as 100% (155), and effects of horizontal gene transfer upon assorted
reproduction mask overall phylogenies (156). Thus, a number of genetic markers
may need to be introduced to provide the resolution necessary to study microbial
community structure (126).
In biological studies the goal is to break down the sample to the
fundamental unit of biological classification. Classification is essential for
describing, understanding, and comparing communities at different spatial and
temporal levels. However the species concept as applied to microorganisms is
highly controversial. Currently, a species is assigned to a common species if their
reciprocal pairwise DNA re-association values are at least 70% in DNA-DNA
hybridization experiments under standard conditions and there is a 5˚C or less
∆Tm between their purified genomic DNA (157). This is level of hybridization is
comparible to 97% sequence identity between 16S rRNA genes or 94% identity of
total genome level. (158) While species concept does not translate to the
eukaryotic community it has been applied extensively to the prokaryotic world.
While massively parallel sequencing has made great strides in uncovering
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microbial diversity, a major problem in analyzing diverse communities exists in
that only the most abundant organisms are able to be visualized. Because of this,
true biodiversity remains vastly underestimated.

1.7. Applications
The development and applications of “-omics” techniques able to gain
information from direct isolation of DNA in microbial communities is leading to a
paradigm shift in microbial ecology; the birth of a new golden age of microbiology is
underway. In this ‘age of bacteria’, microbial ecology and the use of genetic and
proteomic methods to examine microbes have commanded a renewed appreciation of
the vital role played by microorganism to support and maintain life on Earth.

1.7.1. Microbial ecology and population biology
With nearly 1030 bacteria on this planet (159) unique biological niches and
microbial species are being discovered as modern microbiology extends across all
of the terrestrial biomass.
Molecular microbiology has exposed the details of how microbes interact in
nature. In general microbes live as groups in communities, while some as a
consortium of multiple microbes in complex societies with massive diversity
(160) and others as near mono-culture units (161). Discoveries have uncovered a
staggering, complex microbiota in nearly every environment on the planet. The
microbial load on Earth is now thought to exceed in weight that of all other living
things combined. It is estimated to account for nearly half carbon and over ninety
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percent of nitrogen and phosphorous biomass on this planet (162, 163) critical to
sustaining life. Microbes are responsible for creating a habitable climate as well
as creating a sustainable soil conditions for agriculture (164, 165). They are
shown to be nearly ubiquitous as they can be found in surprising niches from
thermal ocean vents (166, 166, 167) to thriving in arsenic rich environments
(168), expanding our understanding on how life can adapt and arise. Though
classical microbial methods have provided deep insights to adaptations of single
species, there is a lack of knowledge in understanding how complex consortia of
microbes assemble.
Microbial ecology impacts much of the human condition from the expansion
of pharmaceuticals, quality assurance in food productions, control of disease
causing microbes in consumer goods, and throughout industrial applications
(163). Microorganisms also play critical roles in host-microbe symbiotic
interactions with implications toward diet, genetics, and lifestyle (16, 17, 39, 110).
They are crucial for breaking down organic matter into useable substrates for
uptake in eukaryotes (13). Microorganisms are used in a wide range of
applications beneficial to the human condition. Without them the manufacture of
vitamins, amino acids, enzymes, and growth supplements would be limited.
Microbes are used as bio reactors in the production of pharmaceuticals.. Their use
is critical in the manufacture of many foods, including fermented products (169,
170) and also in the degradation of waste and harmful chemicals into safe or even
useful byproducts (171-173). Probiotics and prebiotics are aimed at selectively
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incorporating microbes deemed to be beneficial to the host into consumables
(174-177)
The rapid rate at which microbes can evolve ensures that no permanent
solutions to agricultural, medical, or environmental problems they cause and
technology will need to continue to evolve alongside microbial communities.
However, the emergence of molecular methods has facilitated for the first time an
expansive examination of microbial community structures and functions. The
molecular tools now exist to examine an entire community’s structure and
functions using both low-and high-throughput techniques. The detailed
information provided by these methodologies will enable informed decisions
regarding resource management to be made. The following chapters give two
unique examples of how microbial methods, especially massively parallel
sequencing, can be applied to study diverse complex environments. Both studies
primary emphasis is the compositional differences of microbial communities. As
such, 454 pyrosequencing of the 16S rRNA amplicon has been the method of
choice.

1.7.1.1.

Example: Selective breeding for feed intake characteristics in mice

resulting in unique gut microbial communities that contribute to feed
intake phenotypes.
To investigate the relationship between gut microbiota and nutrient
intake, this study capitalizes on a unique model of genetic selection in mouse
lines bred for energy balance characteristics. In this model, breeding lines
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were developed from an original four-way parental composite and selected for
high (MH) or low (ML) heat loss through 25 generations along with an
unselected control line (MC). The selection was repeated in three independent
replicates. The MH lines have been well documented to demonstrate
substantially higher levels of activity and feed intake in comparison to the
other lines; a correlated response to selection. Nonetheless, the MH lines are
characteristically leaner than the ML lines. Though several physiological
characteristics have been well studied in these lines, the ability to study
whether the gut microbiota also co-evolved with the host through selection
has not. We used deep 16S rRNA pyrosequencing on of the MH and ML
selection lines to test for changes in composition. Results showed that
selective breeding for divergent feed intake traits shaped unique communities
of gut microbes. Distinctive features of these line-specific communities are
shared across independent replicates of the selection, implying that
community change arose through changes in host genetic architecture and not
to drift. Perturbation of the microbiota with antimicrobials shows a reduction
in these microbial signatures while also narrowing the gap between the lines
nutrient intake. Gnotobiotic transplant studies, confirm a direct link between
the selection microbiome and feed intake characteristics, as introduction of
host specific floras into germ-free recipients of a different genetic background
led to feed intake characteristics of the MH and ML lines. Co-mingling
animals excludes most of the environmental component of the correlated feed
response to heat-loss. This model points toward heritability of both the feed
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intake characteristic and gut phenotypes produced by selective evolutionary
breeding and imply that the gut microbiota has a significant impact on the
feed intake of mice.

1.7.1.2.

Example: Use of pyrosequecing to identify new indicators of fecal

contamination and temperature abuse in leafy greens.
Microbiological testing is a primary strategy used to assess safety
of foods and beverages. Though quite sensitive, current microbiological
methods rely on cultivation of targeted organisms in order to elevate
the population and/or to allow visualization and enumeration. Reliance
on these cultivation-dependent methods poses many limitations, one of
the most significant being the very limited number of taxa that can be
cultivated and enumerated and the actual correlation of target
organisms with risk.

Even methods which enumerate the entire

cultivable microbial load are limited by cultivation bias and the
inability to easily identify the organisms and show only limited
correlation between absolute numbers and food safety/quality
characteristics.

To circumvent these problems, this project utilizes

cultivation-independent, community DNA sequence-based methods as
a means for safety and quality assessment of foods, specifically leafy
greens. Pyrosequencing was used on a leafy green model (spinach)
harvested from multiple environments. Samples from the phylloplane
of spinach were compared with maize to determine if species specific
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signatures existed in leaf epiphytes. Bovine feces were also introduced
to confirm that spinach phylloplane flora was distinct from that of
bovine feces. Spiking experiments were also carried out to test whether
pyrosequencing could potentially differentiate contaminated on noncontaminated samples. The data shows compelling evidence that the
microbiota of spinach is predictable; it is distinct from fecal microbiota;
and predictable correlated changes occur under contamination. Thus,
cultivation-independent, DNA sequence-based approaches is an
alternative to culture-based microbiological testing.
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2. SELECTIVE BREEDING FOR FEED INTAKE CHARACTERISTICS IN MICE
RESULTS IN UNIQUE GUT MICROBIAL COMMUNITIES THAT CONTRIBUTE
TO FEED INTAKE PHENOTYPES
2.1. ABSTRACT
Although abnormalities in the composition of gut microbiota have been associated
with several types of complex diseases including obesity, the underlying cause-effect
relationships remain poorly understood. To investigate causality between gut
microbiota and nutrient intake, this study has exploited mouse lines developed
through genetic selection for energy balance characteristics. In this model, breeding
lines were developed from an original four-way parental composite and selected for
maintenance of high (MH) or low (ML) heat loss through 25 generations along with
an unselected control line (MC). The selection was repeated three independent times.
The MH lines have been well documented for their characteristically higher levels of
activity and feed intake in comparison to the other lines. Nonetheless, the MH lines
are characteristically leaner than ML lines. Comparison of the gut microbiota across
selection lines by 16S rRNA pyrosequencing showed that selective breeding for
divergent feed intake traits shaped unique communities of gut microbes in the MH
and ML lines. Distinctive microbial features of these line-specific communities are
shared across independent repetitions of the selection, implying that elements of
community change arose through changes in host genetic architecture and not to drift.
Furthermore, perturbation of the microbiota with antimicrobials shows a reduction in
these microbial signatures while also narrowing the gap between the lines feed intake.
Gnotobiotic transplant studies which introduced MH and ML floras into germ-free
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recipients of a different genetic background led to feed intake characteristics of the
MH and ML lines in the conventionalized animals. Co-mingling animals excludes
most of the environmental component of the correlated feed response to heat-loss.
Collectively our data points toward co-evolution of host feed intake characteristic and
gut microbiota phenotypes during selective breeding and demonstrate the significant
impact host genetics can have on complex traits that include the gut microbiota and
host physiological factors.

2.2. Introduction
Micro- and macro-organisms are habitually associated and interactions between
the host and microbes shape distinct environments(178). Interactions are primarily
dominated by microbes as they can outnumber host cells by many orders of
magnitude (179). The collective microbiota can provide metabolic functions lacking
from the host (122). Naturally occurring populations also interact with pathogenic
species and can influence colonization outcomes (114) or health and disease
states(18, 49). Interactions may allude to the importance of symbiotic or mutualistic
relationship in community structure (40, 180-182). However, recently studies have
questioned the stability of GI phylogeny (183). While thousands of bacterial species
are thought to comprise the GI tract, only five phyla (20) comprise ninety-nine
percent of the mammalian gut microbiota. Abnormalities in the relative proportions of
these phyla are associated with health and performance of the host (18-20, 49, 184).
Compositional aberrations which affect ratios of phyla Bacteroidetes and Firmicutes
are specifically associated with predisposition to obesity in humans (184), and similar
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compositional differences are observed in genetically obese mice. These
compositional differences are believed to affect weight gain, in part, through their
effects on the host’s ability to harvest energy (39, 40, 49, 110, 184).
Mutualistic relationships of between gut microbial symbionts and their hosts are
believed to have co-evolved through long processes which resulted in host-specific
selective niche opportunities for colonization by microbial species that have adapted
to these niches. The evolutionary outcomes of these relationships are remarkable,
leading to adaptations such as herbivory, arising from the development of unique
anatomical structures that produce niches for cellulose-degrading microorganisms
(185). Residing within a host, microbes have likewise evolved features that have
adapted them to these environments, such as the ability to selectively utilize the
baroque oligosaccharides in human breast milk to colonize an infant’s digestive tract
and protect the gut from pathogen invasion (186). Some microbial innovations are
even as sophisticated as the production of exopolysaccharides that contribute to the
development of the mammalian mucosal immune system (19). Radiation and further
refinement of these symbioses are reflected in the results of comparative studies of
the microbiota from extant mammalian species, where correlations are shown
between phylogenetic composition of the gut microbes and phylogenetic distances of
their hosts (40, 187, 188).
While extreme disproportions of major taxonomic groups comprising the gut
microbiota are clearly associated with complex diseases, the relationship between
natural genetic variation to the development of dysbiosis, and associated
susceptibility to complex disease is not understood. Within a host population,
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individuality in gut microbiota is a pervasive phenomenon, easily observed by the
large numbers of taxa that are sparsely distributed among individuals, with only a
relatively small core of microbial taxa that are found among most individuals.
Though a small number of taxa, this microbial core comprises the bulk of biomass in
human and mouse models (16, 17).
In the mouse model, the relative abundance of these core organisms is controlled
by complex combinations of host polygenes and environmental factors (16), meaning
that host genetic variation can have measurable effects on microbiota composition.
While host genetics is known to predispose individuals to disease, the ability of
genetic variation to indirectly predispose individuals to disease through dysbiosis is
not clear. Studies of single-gene effects in monogenic models have shown that null
mutations in genes such as leptin (ob/ob) and toll-like receptors (TLR) result in
dysbiosis and the resultant disproportions in microbiota composition by themselves
can cause disease characteristics when transferred to germ-free hosts. (189, 190).
When viewed as a “trait”, composition of the gut microbiome behaves as a
collection of complex traits, affected by multiple environmental factors (chance,
exposure, diet) as well as genetic characteristics of the host. Though substantial
changes in microbiome composition can be observed in monogenic models (e.g.
knock-out mice (40, 49)), natural genetic variation is polygenic. Given the
importance of these symbiotic relationships in the developmental and metabolic
functions of a host species, a question immediately arises about the interactions of
genetic diversity within a host population, form and function of the gut microbiota,
and health and disease states. It may be possible that genetic diversity within the host
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population can lead to microbiome composition that ultimately predisposes
individuals to disease.
A major hurdle to experimental study of these questions is the limited number of
models that reflect the polygenic nature of many complex human diseases. Within
human populations studies of twins generally support host genetic contributions,
though some data are conflicting (15, 110), likely confounded by the high degree of
genetic and environmental diversity in humans. Animal models have the advantage of
being able to carefully control environmental and genetic factors but they suffer from
lack of models that reflect the degree of genetic variation in outbred human
populations. One way to test hypotheses related to genetics and complex traits is
thought genetic selection. Genetic selection can amplify traits of interest from an
original pool of genetic diversity, leading to the emergence of novel phenotypes and
correlated responses to selection. Moreover, genetic selection lends itself to study the
end-products of selection along with intermediates affording opportunities to identify
critical steps and pathways of co-adaptation or co-evolutionary processes.
To understand relationships between host genetics, microbiota composition, and
nutrient intake, we exploited a well-studied set of mouse lines developed through
periods of repeated selective breeding for feed intake characteristics (191-193). In
the study reported here two of three unique replicates the selection lines were
sampled. From an original four-way parent composite, the MH (high maintenance)
and ML (low maintenance) lines were developed through selective breeding for heat
loss, a measure of energy that is metabolized but not stored. The physiological
characteristics of these lines have been well-studied (191-195) providing an
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outstanding opportunity to study the effects of breeding on microbiota composition
and its interaction with physiological characteristics.
In all three repetitions of the selection, a substantial correlated response to
selection was observed in feed intake, with the MH lines characteristically consuming
30-40% more feed per body weight than ML lines, but has lower body fat. The
caloric intake is partially balanced by increased expenditures through heat loss and
locomotor activity in the MH lines, but a significant proportion of the difference in
the feed intake between these two lines remains unexplained. (191-193). Here we
report on detailed studies of microbiome composition across two replicates of the
MH, ML, and control lines.

2.3. MATERIALS AND METHODS.

2.3.1. Founder experimental animals and selection process.
Three replicates in three breeding lines were created from an original fourway parent composite (Harlan-ICR, Harlan-NIH, Charles River Swiss-Webster
(CFW), and Charles River CF1) as described (192) . Using selection, breeding
pairs were chosen on the basis of caloric heat loss (kcal•kg-.75•d-1) using
gradient-layer, individual animal calorimeters from Thermonetics Corporation
(San Diego, CA; model 0601-S, gradient-layer Seebeck envelope). For each of the
experimental replicates, selective breeding for high (MH) or low (ML)
maintenance of heat loss was carried out continuously through 16 generations
along with an unselected contemporary line (MC) (191, 192). Significant
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responses to selection were observed as early as after 15G selection as were
correlated responses. These correlated responses included feed intake relative to
body size (g·kg-0.75·d-1), which at 15G was manifested by the low-line mice
consuming only 81% of the feed consumed by high-line mice at 8 to 11 weeks of
age (191).
Selection pressure was halted after the initial sixteen generations. Effective
population sizes were then expanded to 26 liters per line-replicate-generation to
reduce the rate of inbreeding and preserve allelic contributions. Heat loss
measurements and selections were restarted at generation 42 through generation
50 following the above protocol for MH, ML, and MC lines which led to
resumption of divergence in traits between MH and ML across all three replicates
(193). The lines have remained under relaxed selecting since, using 26 liters per
line-replicate to preserve diversity.
For the experiments reported herein, mice from generations 58-65 were
used. Mice were caged in groups by line and replicate within the same facility
and feed intake was measured bi-weekly between 8 and 12wks of age. Ratios for
feed intake were calculated by averaging the feed intake for all replicate mice
within a line and comparing the total feed of MH to ML lines. Statistics on feed
intake we analyzed by using a mixed model whiched included a fixed effect of
line and random effects of replicate a a replicate*line interaction. Contrasts used
to define Line differences: MH – ML = ‘Selection Effect’ and (MH + ML)/2 MC = ‘Asymmetry’. Data analysis was carried out using the mixed procedure
(SAS. proc glimmix)
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2.3.2. Experimental animals, survey protocols, and sample collection
This study can be divided into major experiments testing for 1. line-replicategeneration differences in microbiota, 2. perturbation of feed intake by antibiotic
feeding, 3. transfer of feed intake characteristics with fecal microbiota by
gnotobiotic transplant, and 4. effects of intermingling of lines in caging
environments through co-mingling of lines.
2.3.2.1.

Line-replicate-generation experiment

From MH, ML, and MC lines sixteen mice were chosen randomly at
generation 58 and generation 65 representing 25 generations of selection and
33 or 40 generations of relaxation respectively. A minimum of three fresh
fecal pellets were collected from each animal and stored at -80⁰C until use.
Mice were caged by group within the same facility and feed intake was
monitored bi-weekly for the generation 58 animals over 8 and 12wks of age.

2.3.2.2.

Antibiotic perturbation animals

Twenty male MH, ML, and MC mice were randomly selected from each
replicate from generation 66 (replicate 1 and 2) or generation 65 (replicate 3)
for feed intake measurements. Mice were reared in individual cages starting
at approximately 13 wk of age and given distilled water for 3 wk, followed
by 4 wk of a distilled water and antimicrobial mixture (2 g/L streptomycin,
0.6 g/L metronidazole, and 0.35 g/L neomycin), and then returned to distilled
water only for 4 wk. Body weight was obtained at the beginning of the
study, just prior to starting the antimicrobial treatment, immediately after the

51

end of the treatment, and at the end of the experiment. Feed intake was
measured weekly on individual mice as the difference between feed in and
out per unit of body weight (g/d*g-1) with a one week adjustment period
given after initiation of the antimicrobial treatment and after returning to
untreated water. At the end of each treatment period a minimum of three
fresh fecal pellets were collected from four animals per line across the entire
treatment and stored at -80⁰C until use.

2.3.2.3.

Transplant and gnotobiotic animals

Mice (Swiss Webster , 7 to 8 wk at the start) were acquired germ-free from
Taconic Farms Inc. (Germantown, NY; model SWGF-F, SWGF-M). and
reared under gnotobiotic conditions in two isolators as described (196, 197).
Each isolator had 21 animals (11 males and 10 females), and mice were in
cages of 2 to 5 animals. For 1 wk, feed intake was recorded. Then, mice in
one isolator were colonized with a fecal slurry derived from a single MH
mouse, by gavage with the donor fecal slurry, and mice in the other isolator
were likewise colonized with a fecal slurry derived from a single ML mouse.
Feed intake had been recorded on the MH and ML mice, and the donor MH
mouse was consuming 73% more feed per BW than the donor ML mouse.
Feed intake in the recipient mice was subsequently collected for 4 wk. The
first week was considered an adjustment period, and feed intake per BW for
weeks 2 through 4 were analyzed for the effect of colonization.
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2.3.2.4.

Co-mingled animals

To determine if differential feed intake characteristics could be due to
physical segregation of the MH and ML lines (e.g. drift), a co-mingling
study was performed in which 10 MH and 10 ML litters were randomly
chosen from each replicate from G64 (replicate 1 and 2) or G63 (replicate 3)
and co-housed in the same cages. After weaning, 2 mice from the MH litter
were housed with 2 mice from the ML line for 8 wk (mixed rearing). The
remaining littermates were reared, with no co-mingling between lines (like
rearing). For each paired litter, one mixed reared and one like reared mouse
was chosen from both MH and ML lines for antimicrobial treatment and feed
intake measurements. Ten mice from the MC line were also randomly
selected for further data collection. Statistical analysis of co-mingled to like
reared animals followed a balanced design, over a large sample of 240 total
animals. Data was analyzed using a mixed model. Replicate and Group
through section of litters were random (a group is a pair of litters, one MH
and one ML, that were co-mingled as well as reared within line), and all
interactions of these two random effects with the fixed effects were also
considered random. Fixed effects were Line and Type of Rearing and their
interaction. The main variable analyzed was weekly feed intake (averaged
for the 3 wk) divided by average body weight (feed intake relative to body
weight).
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2.3.3. Pyrosequencing.
A total of 16 mice from two replicate lines each of MH, ML, and MC
were gathered at generation 58 (replicate 1 of each line) or generation 65
(replicate 2 of each line). DNA extraction from fecal pellets and
pyrosequencing has been described previously (16, 41). The 16S rRNA was
amplified from the DNA using barcoded fusion primers. The amplicons spans
the V1-V2 region of the 16S rRNA gene and the fusion primers contain the
Roche-454 A or B sequencing adapters (shown in italics), followed by a
unique barcode sequence (N) and finally the 5' end of the 16S rRNA primer.
Primers used in this study for FLX chemistry were A-8FM 5'GCCTCCCTCGCGCCATCAGNNNNNNAGAGTTTGATCMTGGCTCAG3‘ and B-357R 5'-GCCTTGCCAGCCCGCTCAGCTGCTGCCTYCCGTA-3.
Primers used in titanium chemistry were A-8FM, 5'—
CCATCTCATCCCTGCGTGTCTCCGACTCAGNNNNNNNNAGAGTTTGA
TCMTGGCTCAG and B-357R, 5'CCTATCCCCTGTGTGCCTTGGCAGTCTCAGNNNNNNNNCTGCTGCCT
YCCGTA—3’. PCR conditions (TaKaRa ExTaq) and pyrosequencing runs
(454 Roche) follow the manufacturers’ recommendations. All PCR reactions
were quality-controlled for amplicon saturation by gel electrophoresis; band
intensity was quantified against standards using GeneTools (Syngene)
software. For each region of a two-region picotiter Plate, amplicon reactions
were pooled in equal amounts based on the GeneTools outputs to achieve
~8000 reads per sample and the resulting pooled sample was gel-purified (16).
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Recovered products were quantified using picogreen ds DNA broad range
assay (Invitrogen Q32850) by a Qubit fluorometer (Invitrogen Q32887),
spectrophotometer (nano-drop ND-1000) and bioanalyzer (Agilent 2100) and
sequenced using Roche-454 GS FLX/Titanium chemistry. Raw read output
was filtered by length and quality procedures and binned by sample specific
barcodes. For each region of a two-region picotiter plate, amplicons from up
to 48 reactions were pooled in equal amounts.

2.3.4. Raw data filtering and binning.
Raw read data from the 454 pyrosequencing runs were processed through
a quality filter removing sequences that fail to meet the following criteria:


A complete forward primer and barcode present



No more than 2 “N” characters (where N is equivalent to an
interrupted and resumed signals from sequential flows)



Length greater than or equal to 200nt but not longer than 500nt



An average quality score above 20

After filtering, sequences were binned to sample-specific barcodes. Each
read is trimmed to remove 3’ adapter, primer sequences, and barcode. The
corresponding FASTA and QUAL files were updated to remove quality scores
from reads not passing quality filters. The files are associated with sample
information in a hierarchical manner in MySQL tables. The processed data
and the MySQL database tables are stored on a database server
http://cage.unl.edu, allowing data to be made public after publication.
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2.3.5. Taxonomic analysis and statistical method.
A CLASSIFIER+CD-HIT approach was subsequently used for
determining taxonomic classification. Sequences were first parsed through the
MULTI-CLASSIFIER (131) to separate those sequences that meet a genes-level
threshold criterion. The algorithm assigns taxonomic status to each sequences
read based on a covariance model developed from a training set of 16S rRNA
sequences. Reads are classified down to the genus level at a threshold of >0.8
were further assigned species or OTU status using the best-BLAST hit to search a
highly curated set of reference sequences from RDP CLASSIFIER (131) and the
SILVA (198) databases. Sequences not meeting the BLAST criterion were
assigned as an OTU with a genus level taxonomy. Sequences unable to be
CLASSIFED at any taxonomic level were concatenated and binned through an
OTU picking approach CD-HIT-EST (143). This algorithm groups related
sequences on the basis of k-mer similarity by a cutoff threshold into OTUs for
downstream analysis. A .97 sequence identity threshold and a .90 minimum
coverage threshold were used to model ‘species’- level phylotypes. As with
classified sequences, the OTUs from CD-HIT were also used to query the curated
16S rRNA database to assign best-hit taxonomic status. OTUs or taxonomic bins
were excluded if the bin failed to have on average 20 sequences per animal for
taxonomic bins above this minimum, any animals having no counts were assigned
0.5 read abundance to preclude issues with log transformation.
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After assigning taxonomic status through the CLASSIFIER/OTU pipeline,
absolute proportions of communities meeting this criterion were conducted
by:

Absolute proportions were log(10) transformed prior to statistical analysis
and tested for significance (16). Significance testing was conducted between
groups by ANOVA treating line and replicate as main effects for the replicate
study. In the experiments with antimicrobial perturbations, treatment and line
were the main effects. Scheffe testing was performed to check for line specific
(replicate study) or treatment specific (antimicrobial study) differences.
Associations between individual taxa and daily feed intake relative to body
weight (g/d*g-1) were tested by simple correlation analysis using Spearman
rank correlation (199) for G58 animals between 8-12wk. All tests were
deemed significant at P<0.05.

2.3.6. Antibiotic perturbation.
Twenty male MH, ML, and MC mice were randomly selected from each
replicate at G66 (replicate 1 and 2) or G65 (replicate 3) and reared in individual
cages starting at approximately 13 wk of age. The treatment regimen included
distilled water (ad libitum) for 3 wk, followed by 4 wk of a distilled water and
antimicrobial mixture (2 g/L streptomycin, 0.6 g/L metronidazole, and 0.35 g/L
neomycin), and then returned to distilled water only for 4 wk. Body weight and
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feed was monitored through the time course. In total, 16 mice, 4 from each line,
were monitored over the entire antibiotic study and fecal samples were collected
before (pre), during (on), and after (post) treatment and subjected to
pyrosequencing. Pre-treatment body weight (PreBW), on-treatment feed per body
weight (TrtFI/BW), and post-treatment feed per body weight (PostFI/BW) was
analyzed with an as a mixed model with the fixed effect of treatment, line and the
interaction of line*treatment. Random effects were for replicate only. Data was
carried out using the mixed procedure (SAS proc glimmix) The main variable
analyzed was weekly feed intake (averaged for each 4wk period of pre, on or post
antibiotic treatment) divided by average BW, or feed intake relative to body
weight.

2.3.7. Transplantation of microbiota into germ-free animals
Swiss Webster Mice were reared under germ-free conditions in two isolators
as previously described (181). Each isolator had 21 animals (11 males and 10
females), with individual cages accommodating 2 to 5 animals. Mice were
colonized by a ~100 µl gavage with the donor fecal slurry. All mice in a single
isolator were colonized by fecal slurry from a single MH, or ML donor. MH and
ML donors were chosen on the basis of feed intake measurements, with the MH
donor mouse consuming 73% more feed per BW than the ML donor mouse. Feed
intake and body weight of the gnotobiotic mice were monitored before and during
the four weeks after colonization. Statistical analysis of pre-colonization BW
(PreBW), pre-colonization feed per BW (PreFI/BW), and post-colonization feed
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per BW (PostFI/BW) was done with a mixed model fitting treatment (MH or ML
colonization) and sex (male or female). Preliminary analysis showed no effect (P
> 0.95) of treatment by sex interaction on feed intake measures; hence the
interaction was ignored in the final analysis. PostFI/BW also had PreFI/BW as a
covariate in the model (SAS proc GLM) to adjust for pre-colonization differences.
2.4. Results

2.4.1. Effects of rearing (Co-mingling) on the feed intake trait.
Because the MH and ML lines were reared and housed by line, it was
possible that any segregation of microbiome configurations could be due to drift
and effects were due to caging within line. To test for this possibility, mice were
co-mingled across line in the same cages. From the three independent selection
replicates animals from ten MH and ten ML litters were caged together, two mice
from an MH litter along with two from an ML litter. As a control, littermates of
these animals were reared by line and caged three mice/cage. Any mixing of the
microbial population between the MH and ML animals, combined with the role
played by microbial population differences in feed intake, would therefore evince
an interaction between Line and Type of Rearing. Under this hypothesis, one
would expect co-mingling to result in less disparity in feed intake between MH
and ML animals, statistically detectable as an interaction feed intake and caging.
However, there is no evidence for the co-mingling interaction (p=0.30). The lines
preserved their differences regardless of rearing in co-mingled or in like-line
cages (Figure 1). Thus it can be concluded that the divergent gut microbiota
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populations that are contributing to feed intake differences between the lines are
not readily transferrable between lines after weaning; rather, they are due to the
host genotype and the concomitant, early colonization events that occur preweaning. Line differences in feed intake adjusted for BW remain significant
(P<0.0001). MH animals were shown to eat 40% more than ML at the same body
weight characteristic of the trait in like-reared cages (Table 1).

2.4.2. Differentiation of the gut microbiota between the MH and ML selection
lines.
The MH and ML lines were originally divergently selected for caloric
expenditure though heat loss. Heat loss was used as the selecition criterion
because it is an easily measurable phenotype which showed characteristically
correlated responses in feed intake (191). The feed intake phenotype has been
studied extensively as a correlated response in these lines (193) since this trait is
of great interest to animal production. At the time of our study in G58 animals (25
generations of selection and 33 generations of no selection) the ML line consumes
only 77% of the feed consumed by the MH line at 8-12 weeks of age. Previously,
the lines have also shown differences in body composition but not body size: in
comparison to the control, ML lines have higher fat content and MH lines are
leaner (194). Collectively, studies of the physiological characteristics of these
lines show that up to 80% of the phenotypic differences in feed intake between
lines can be accounted for by metabolic characteristics, liver size, body fat, and
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activity levels (193, 194). With 20% of the feed intake differences remaining
unexplained, we began to test the hypothesis that selection shaped unique
microbial communities that ultimately contribute to the line-specific feed intake
characteristics. The dramatic phenotypic differences in dispensation of
metabolized energy from feed between the MH and ML lines, the fact that these
animals originated from the same composite base population, and that these lines
have been in the same facility for >20 years therefore provided an excellent
opportunity to examine the effect of evolutionary selection on gut microbiome
composition.
The effect of selection on the compositional features of the microbiota was
tested using deep pyrosequencing of 16S rDNA tags to estimate the relative
abundances of bacterial species on total DNA extracted from feces from 12-week
old MH, ML, and MC animals of selection replicate 1 (at G58) and replicate 2 (at
G65). If the line-specific configurations of the microbiota were due to selection
(and thus could be considered correlated phenotypes) as opposed to drift,
similarities in the line-specific communities that were shaped across the
independent selection replicates should emerge. The CLASSIFIER+CD-HIT
pipeline identified eighty-four taxonomic bins having an average read count of
>20/animal in the 96 animals sampled. These bins spanned six phyla, eleven
classes, nine taxonomic orders, seventeen families, and fifteen genera. Probing
these bins through BLAST produced twenty-six species classifications. These
eighty-four bins represented the dominant members of the microbiome in these
models comprise the principle taxa for our study (Table 2). ANOVA was
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conducted across all of the principle taxa testing for main effects of Line and
Replicate. Taxa deemed significant for replicate only or for mixed effects of
Line*Replicate were discarded. This exposed only line specific taxonomic
differences shared across both replicates which also behaved similarly across line
and replicate. By these criteria, three families (Peptostreptococcaceae,
Rikenellaceae, and Streptococcaceae), four genera (Erysipelotrichaceae Incertae
Sedis, Lactococcus, Peptostrptococcaceae Incerteae Sedis, and Shegella), and
three species (Two Turicibactder OTUs and Lactobacillus apodemi) were found
with a significant line effect. On average a 0.84 absolute log10 difference was
found between the MH and ML lines within these taxa across both replicates, with
the minimum difference being 0.47 log10 and the maximum nearly 1.36 log10,
with the members across these groups could comprised nearly seven percent of
the an individual murine microbiota. To offset the error from multiple testing, post
hoc Scheffe testing was conducted within taxa by line. All taxa found significant
by line were also significant by Scheffe test between the MH and ML lines at
P<.05.
The clear effect of breeding line on gut microbiota composition and the
specificity of the effect across independent, replicate selection lines provide a
compelling case for important compositional features of the gut microbiota as a
correlated response to selection. Correlations between average body weights to
daily feed in the G58 animals intake showed specific communities that provided a
direct link between consumption, and microbial. While five phylogenetic levels
representing fourteen significant taxon (Table 4) were shown to be significant as

62

correlated to feed intake in G58 animals, only three (genera
Peptostreptococcaceae Incertae Sedis, species level OTUs Turicibacter, and
species Lactobacillus apodemi) correlated with line specific results across both
replicates, giving a higher likelihood of credence to their symbiotic role with line
selection.

2.4.3. Antimicrobial modification of the line specific microbiota.
If the unique gut microbial communities were crafted as a correlated
response to selection, it seems likely that the unique communities actually
contribute to feed intake differences. As an initial test of this hypothesis, the
microbiota was perturbed with large doses of antibiotic to determine if re-shaping
the microbiota would affect feed intake. Following earlier studies on the
relationship of microbiota and feed intake (200, 201), in our study mice were
administered a combination of antimicrobials in their drinking water for a
treatment of 4wks surrounded by 4wk periods without treatment (pre and post
antimicrobials). Pyrosequencing of fecal pellets before, during and after
antimicrobial treatment showed tremendous effects on the microbial community.
Taxonomy-independent analysis of the gut microbiota from 4 pooled animals per
line per treatment showed a threefold decrease in the number of OTUs were
found pre-treatment than when antibiotics were administered (Figure 2A). All but
three line-specific above taxa (genera Shigella and both species level
Turicibacter OTUs) were affected significantly the antimicrobial cocktails
(P<0.01) (Table 2). Thus, the antibiotic cocktail caused substantial changes in
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composition of the microbiota including those taxa that could be contributing to
feed intake. In an expanded study of 167 animals across three replicates, we
monitored before, during and after antibiotic treatment. Feed intake, as
divergence of MH and ML males in feed intake per unit metabolic size, was
41.8% pre-treatment and 28.3% while on treatment of the MC mean (Figure 2B).
Antimicrobial treatments were shown to affect the feed intake in selection lines
while also impacting taxa associated line specific microbiotas. This would imply
that perturbation of the gut microbiota alone is sufficient to influence feed intake.
Ideally, post-treatment the correlated response would return to pre-treatment
levels after removal of antibiotics. However, this was not observed as a
difference of only 17.8% was determined in feed intake between lines relative to
the control. (Table 5). This small difference could be explained by the failure of
the microbiota to return to pre-treatment diversity levels after being over-stressed
with the antimicrobial cocktail as the pre-treatment had nearly 1.5 times as many
OTUs as the suppressed post-treatment microbiota. (Figure 2A).

2.4.4. Transfer of gut microbiota from MH and ML lines to germ-free animals.
The antibiotic perturbation experiments had effects that are consistent with
the hypothesis then selective for heat loss resulting in correlated responses to
selection in the microbial communities, ultimately shaping communities that
contribute to the feed intake phenotypes. To directly test this hypothesis, we next
conducted a transfer experiment to determine if transfer of the MH or ML
microbiota to naïve animals would also result in predicted feed intake
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characteristics.Germ-free Swiss-Webster mice, a different genetic background
than the composite from which the selections lines originated, were used as
recipients in this experiment and prior to inoculation, were maintained in separate
germ-free isolators (each isolator specific for MH or ML donor microbiotas).
Mice in the two isolators that would be subsequently colonized did not differ in
body weight before inoculation (PreBW) (P > 0.95); they did differ in PreBW by
gender as expected (P < 0.02; males = 29.2 and females = 25.4 g, se = 0.9). No
differences were observed in feed before inoculation (PreFI/BW) for either
isolator (P > 0.25) or sex (P > 0.35). However, feed intake after transplanting the
microbiome (PostFI/BW), adjusted for PreFI/BW, was different for mice
colonized with MH microbiota as compared to mice colonized with ML (MH =
0.136 and ML = 0.126, g/d*g-1, se = 0.003, P>0.031). While decreased feed
intake of animals was observed in both isolators when the mice were colonized
with microbiota, those colonized with MH microbiota had smaller reduction
(Table 6). The initial decline in feed intake post colonization is typical in germfree mice (202-205). However, these previously novice mice expressed 8%
greater decrease in feed intake per BW with the ML colonization than with the
MH. (Figure 3). These results therefore demonstrate that a portion of the linespecific feed intake characteristics can be transferred though the microbiota,
further supporting our hypotheses that selection for heat loss led to unique
microbial communities in the MH and ML lines and these communities
contributed to the feed intake (and perhaps even the heat loss) phenotype.
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2.5. Discussion
Comparative physiological studies of complex traits such as diet and gut
microbiota composition can yield tremendous insights into the evolutionary patterns
of complex traits in extant populations (40, 187, 188). Investigative approaches such
as genetic selection experiments can provide a powerful means for understanding the
mechanistic factors that are ultimately shaped by evolutionary processes (206).
Previous QTL analysis showed that composition of the microbiota is heritable, that
many of the individual QTL had significant additive effects, and that several of the
individual taxonomic groups were controlled by multiple loci (16). Additive effects
from multiple loci are a prerequisite for a complex trait to respond to selection (206)
and the gut microbiota as a complex trait would have the requisite features to respond
to selection. Our results with the MH and ML lines support this idea. Though we were
limited to studying the end products of selection (the methods we used for
microbiome analysis did not exist prior to 2005) the collective sets of analytical and
functional experiments are all consistent with this conclusion.
Though it might be argued that line-specific caging led to differences in the
microbiota, we note that mice originated from the same composite base population,
were housed in the same facility, and shared the same diet. Co-mingling experiments
further showed a negligible effect of the caging environment on the phenotype. While
development of complex phenotypes can occur relatively quickly through artificial
selection, the genomic changes model natural evolutionary events. Such models can
therefore provide tremendous insight into the trait because intermediates can be
studied (206). Thus, with respect to the microbiota, studying the assemblies of
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organisms at differ stages of selection may reveal pathways through which host
genotypes can translate into microbiome configurations. Selection models also make
it possible to detect the changes in host genetic architecture and gut microbial
communities which resemble the magnitude of an evolutionary event. Observation
across multiple selection experiments often results in different pathways to a complex
trait, even when selection is imposed on multiple populations of genetically similar (if
not identical) individuals. This is particularly true when a trait is manifest by a
combination of two or more components that also vary quantitatively (e.g. speed and
duration in running traits) (207) and is likely due to the fact that all possible
configurations of genomic architecture that underlie variation in the trait have not
been sampled.
Though we did observe this phenomenon in the independent replicates of the MH
and ML lines, significant microbial “traits” were found to have emerged in each
replicate. For example, the individual species of Lactobacillus apodemi was on
average 24.7% (Rep1-13.2%, Rep2-36.3%) higher in the ML over MH lines (Figure
4a).
As feed intake has been previously shown be associated with composition of the
intestinal flora (110) it is not surprising that the microbiota responded to selection
(Table 3). For example, in this study L. apodemi shown to be higher in ML lines,
naturally, negatively correlated with feed intake (Figure 4a). There were three
families (Peptostreptococcaceae, Rikenellaceae, and Streptococcaceae), four genera
(Erysipelotrichaceae Incertae Sedis, Lactococcus, Peptostrptococcaceae Incerteae
Sedis, and Shegella), and three species (Two Turicibactder OTUs and Lacobacillus
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apodemi). The similar responses and the ability to transfer phenotype with microbiota
transplant argue that these taxa are directly contributing to feed intake differences.
There were three families (Peptostreptococcaceae, Rikenellaceae, and
Streptococcaceae), three genera (Erysipelotrichaceae Incertae Sedis, Lactococcus,
Peptostrptococcaceae Incerteae Sedis), and one species (Lacobacillus apodemi) taxa
were also reduced upon antimicrobial treatment, which also reduced the line effect on
feed intake. Interestingly L. apodemi was the only species level to show correlation
with feed intake, to show line effects, and to show effects upon antibiotic treatment
(Figure 4a,b). It is interesting to note that these particular organisms produces a
tanninase (208, 209) The organism is known to produce gallic acid from tannic acid,
but does not convert gallic acid further to pyrogallol (209). Tannins are phenolics
found in all classes of vascular plants, categorized as secondary compounds produced
by plants as a defense against herbivory. Tannins have the ability to precipitate
proteins and in that sense can possibly interfere with digestion or the assimilation
process (210).. In food animals tannins decrease intake and digestibility of dry matter
and protein (211-214). It is therefore possible that specific gut organisms could play
an essential role in digesting tannin containing foods allowing more caloric value of
foodstuff. This could explain L. apodemi populations being higher in the ML lines
possibly signifying how the MH line characteristically taking in more feed while
remaining leaner as they would fail to acquire and absorb the extra caloric content
available to the ML lines which contain L. apodemi.
To solidify the contribution of the microbiota to feed intake when germ-free
recipients of an entirely different genetic background were transplanted with line
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specific microbiotas, the GI inhabitants of the MH and ML lines were able to confer
predictable, line-specific differences in feed intake. The dissimilar genetic
background of the recipient further underscores the ability of the community itself to
confer a measurable phenotype.
Of course, one of the most significant questions remaining is how genetic
selection affected the microbiota. Mapping studies in these lines should prove fruitful
and lead to loci indicative of the selection. Such studies would be particularly useful
for pinpointing pleiotropic loci that influence both L. apodemi colonization and feed
intake.
Beyond the traits studied here, this work also paves the way for using selection as
a means for studying microbiota assembly and the evolutionary steps that contribute,
without inference. In addition, the boundaries of microbiota composition can also be
studied to determine if disease susceptibility is a correlated response to selection for
extremes of microbiome composition (18).
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Figure 1: Effects of caging environments on feed intake of animals selected for heat loss characteristics.
240 mice across three repetitions were reared in duplicate cages of 10 mice for two rearing types (Like‐
Line or Co‐ Mingled) across the two lines (MH, ML). Graphs depict weekly feed intake per body weight
(FI/BW) across caging for line. FI/BW was reported in grams bodyweight per daily grams of feed uptake
(g/d*g). Line effects were averaged for Like‐Line (no co‐mingling) or co‐mingled cages. Line Means were
calculated from all 240 mice.

Co-Mingle Study
MH
ML
Rearing Mean

Like-Line

1.277
0.9
1.088

Co-Mingled

1.225
0.89
1.057

Line Mean

1.251
0.895

Table 1: Feed intake per BW of animals reared in like lines or co‐mingled across lines. Weekly feed
intake per average body weight (g/g*w) across the rearing lines. Line means are the average across all
animals regardless of rearing, rearing means are averaged across all rearing regardless of line.
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Table 2: Descriptive statistics for principle taxa (3 pages). Principle taxa for this study were defined as
having an average of >20 sequencing reads/animal at a taxonomic level. For these taxa descriptive
statistics were calculated for the log transformed relative abundance across all animals for average,
standard deviation, maxiumim, and minimum.

phylum
phylum
phylum
phylum
phylum
phylum
class
class
class
class
class
class
class
class
class
class
class
order
order
order
order
order
order
order
order
order
family
family
family
family
family
family
family
family
family
family
family
family

Actinobacteria
Bacteroidetes
Cyanobacteria
Firmicutes
Proteobacteria
TM7
Actinobacteria
Alphaproteobacteria
Bacilli
Bacteroidetes
Betaproteobacteria
Clostridia
Cyanobacteria
Deltaproteobacteria
Epsilonproteobacteria
Erysipelotrichi
Gammaproteobacteria
Bacteroidales
Campylobacterales
Clostridiales
Coriobacteriales
Enterobacteriales
Erysipelotrichales
Lactobacillales
Rhizobiales
Sphingomonadales
Bacteroidaceae
Chloroplast
Clostridiaceae
Coriobacteriaceae
Enterobacteriaceae
Erysipelotrichaceae
Helicobacteraceae
Lachnospiraceae
Lactobacillaceae
Peptostreptococcaceae
Porphyromonadaceae
Prevotellaceae

Average

St. Dev.

Min.

Max.

‐2.39434
‐0.57927
‐4.03672
‐0.36521
‐1.68881
‐3.39097
‐2.39434
‐3.32068
‐0.68788
‐0.93381
‐2.86411
‐1.03787
‐4.03672
‐2.87234
‐2.2836
‐2.24675
‐3.29548
‐0.93381
‐2.2836
‐1.04768
‐2.49237
‐3.63545
‐2.24675
‐0.69272
‐3.80176
‐3.63818
‐1.55493
‐4.03672
‐3.74356
‐2.49237
‐3.63545
‐2.24675
‐2.28361
‐1.33334
‐0.71609
‐3.65407
‐2.38454
‐3.06415

0.590728
0.320404
0.569818
0.261746
0.487336
0.859262
0.590728
0.890751
0.46915
0.464485
0.75026
0.46417
0.569818
0.825952
0.628382
0.847652
0.856542
0.464485
0.628382
0.46539
0.614541
0.771775
0.847652
0.475775
0.762639
0.868106
0.514569
0.569805
0.838473
0.614541
0.771775
0.847652
0.62837
0.499183
0.49481
0.86154
0.626566
0.730362

‐4.4679
‐2.41308
‐4.61138
‐1.27818
‐2.9502
‐4.4843
‐4.4679
‐4.4843
‐2.05806
‐3.00154
‐4.38306
‐2.62411
‐4.61138
‐4.44898
‐4.25681
‐4.34908
‐4.4843
‐3.00154
‐4.25681
‐2.62411
‐4.4679
‐4.61138
‐4.34908
‐2.09493
‐4.61138
‐4.4843
‐3.35372
‐4.61138
‐4.51319
‐4.4679
‐4.61138
‐4.34908
‐4.25681
‐2.87938
‐2.16004
‐4.51319
‐4.38306
‐4.44898

‐1.36208
‐0.02903
‐0.93432
‐0.02073
‐0.49166
‐1.55595
‐1.36208
‐0.52972
‐0.06958
‐0.30837
‐1.10372
‐0.2143
‐0.93432
‐1.05377
‐1.04379
‐0.48473
‐0.69971
‐0.30837
‐1.04379
‐0.21728
‐1.41917
‐0.70134
‐0.48473
‐0.07028
‐0.89056
‐0.61882
‐0.51267
‐0.93455
‐1.15473
‐1.41917
‐0.70134
‐0.48473
‐1.04379
‐0.35874
‐0.07123
‐1.08144
‐0.85855
‐1.57061
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family
family
family
family
family
genus
genus
genus
genus
genus
genus
genus
genus
genus
genus
genus
genus
genus
genus
genus
species
species
species
species
species
species
species
species
species
species
species
species
species
species
species
species
species
species
species
species
species
species
species

Rhizobiaceae
Rikenellaceae
Ruminococcaceae
Sphingomonadaceae
Streptococcaceae
Alistipes
Bacteroides
Clostridium
Erysipelotrichaceae Incertae Sedis
Helicobacter
Lactobacillus
Lactococcus
Parabacteroides
Peptostreptococcaceae Incertae Sedis
Ruminococcus
Shigella
Sphingomonas
Streptophyta
TM7_genera_incertae_sedis
Turicibacter
Clostridium_OTU9
Helicobacter ganmani (T)
Streptophyta_OTU16
Turicibacter_OTU70
Turicibacter_OTU93
Parasutterella_OTU11
Sphingomonas oligophenolica (T)
Odoribacter_OTU2
Bacteroides_OTU20
Oscillibacter_OTU2
Alistipes_OTU3
Bacteroides_OTU13
Lactobacillus crispatus (T)
Parabacteroides_OTU3
Alistipes_OTU8
Helicobacter aurati (T)
Alistipes_OTU9
Turicibacter_OTU49
Lactobacillus reuteri DSM 20016
Bacteroides_OTU0
Bacteroides_OTU16
Bacteroides_OTU5
Lactobacillus reuteri JCM 1112

‐4.14959
‐1.83064
‐2.32499
‐3.63818
‐3.12621
‐2.05877
‐1.5551
‐3.76832
‐3.17016
‐2.29416
‐0.71942
‐3.31392
‐2.40083
‐3.66394
‐3.61914
‐3.88223
‐3.70748
‐4.03675
‐3.39097
‐3.13354
‐3.78151
‐3.55526
‐4.0946
‐3.73477
‐3.75805
‐3.21623
‐3.83808
‐3.09598
‐3.28093
‐2.92827
‐2.9088
‐3.07506
‐3.77463
‐2.62447
‐2.57975
‐2.59424
‐2.45703
‐3.43598
‐2.43726
‐3.25729
‐2.25844
‐2.17711
‐1.67747

0.48077
0.75334
0.67136
0.868106
0.785462
0.677217
0.514532
0.823659
0.94474
0.64559
0.495191
0.829018
0.634747
0.858528
0.843662
0.624044
0.857334
0.56963
0.859262
1.187263
0.813841
0.795147
0.539671
0.812387
0.900007
0.849808
0.824876
0.785764
1.042351
0.705161
0.763947
0.878459
0.776013
0.695518
0.681052
0.849658
0.689239
1.03802
0.796834
0.849859
0.713655
0.677441
0.667279

‐4.61138
‐4.4679
‐4.4679
‐4.4843
‐4.3404
‐4.4679
‐3.35372
‐4.51319
‐4.61138
‐4.28995
‐2.16648
‐4.41377
‐4.38306
‐4.51319
‐4.61138
‐4.61138
‐4.4843
‐4.61138
‐4.4843
‐4.51319
‐4.51319
‐4.4843
‐4.61138
‐4.61138
‐4.51319
‐4.61138
‐4.61138
‐4.51319
‐4.61138
‐4.4679
‐4.4679
‐4.61138
‐4.61138
‐4.38306
‐4.4679
‐4.61138
‐4.4679
‐4.51319
‐4.4843
‐4.37014
‐4.51319
‐4.18616
‐3.91113

‐1.02605
‐0.8258
‐0.54921
‐0.61882
‐1.21721
‐0.96967
‐0.51302
‐1.16601
‐1.15754
‐1.04426
‐0.07759
‐1.22412
‐0.85941
‐1.10533
‐0.68661
‐1.02826
‐0.62195
‐0.93616
‐1.55595
‐0.4876
‐1.22125
‐1.15541
‐0.99179
‐1.22771
‐1.28669
‐1.14446
‐0.68217
‐0.99962
‐1.12534
‐1.22835
‐1.3051
‐1.31745
‐0.56819
‐1.04925
‐1.45364
‐1.28214
‐1.16105
‐0.62891
‐0.89584
‐0.53155
‐0.59828
‐1.0009
‐0.33262
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species
species
species

Lactobacillus intestinalis (T)
Lactobacillus apodemi (T)
Lactobacillus johnsonii ATCC 33200

‐1.87164
‐1.62747
‐1.55903

1.021584
0.766086
0.809901

‐4.4679
‐3.7328
‐3.7385

‐0.45182
‐0.23111
‐0.11077
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Line Differences Across Two Repetitions
Taxonomic Rank

Taxa

Replicate 1

Replicate 2

Replicate 1

Replicate 2

Replicate 1

Replicate 2

C

C

H

H

L

L

family

Peptostreptococcaceae*

-3.73 ± 0.67

-4.15 ± 0.19

-4.02 ± 0.40

-4.34 ± 0.12

-2.78 ± 1.04

-2.90 ± 0.82

family

Rikenellaceae*

-2.29 ± 0.49

-1.33 ± 0.28

-2.51 ± 0.69

-1.67 ± 0.88

-2.00 ± 0.73

-1.19 ± 0.18

family

Streptococcaceae*

-2.46 ± 0.66

-3.38 ± 0.78

-2.74 ± 0.85

-3.00 ± 0.59

-3.31 ± 0.54

-3.87 ± 0.44

genus

Erysipelotrichaceae Incertae Sedis*

-2.40 ± 0.68

-3.54 ± 0.79

-2.57 ± 0.45

-3.50 ± 1.02

-2.80 ± 0.87

-4.21 ± 0.28

genus

Lactococcus*

-2.69 ± 0.84

-3.56 ± 0.83

-2.85 ± 0.92

-3.19 ± 0.63

-3.61 ± 0.54

-3.98 ± 0.41

genus

Peptostreptococcaceae Incertae Sedis*

-3.73 ± 0.67

-4.17 ± 0.17

-4.04 ± 0.39

-4.34 ± 0.12

-2.79 ± 1.03

-2.91 ± 0.82

genus

Shigella

-4.03 ± 0.51

-3.75 ± 0.63

-3.82 ± 0.57

-3.46 ± 0.98

-4.04 ± 0.33

-4.19 ± 0.25

species

Turicibacter_OTU70

-3.16 ± 1.17

-4.04 ± 0.31

-4.03 ± 0.27

-4.34 ± 0.12

-3.07 ± 0.98

-3.77 ± 0.56

species

Turicibacter_OTU49

-3.00 ± 1.28

-3.82 ± 0.73

-3.91 ± 0.41

-4.34 ± 0.12

-2.82 ± 1.33

-2.72 ± 0.61

species

Lactobacillus apodemi (T)*

-1.52 ± 0.97

-1.60 ± 0.70

-1.83 ± 0.60

-2.15 ± 0.53

-1.39 ± 0.82

-1.27 ± 0.68

Table 3: Taxonomic differences between lines across two different independent replications selected for
heat loss characteristics. ~8000 filter passed pyrosequencing reads were utilized for 16 unique animals
across two distinct replicates at two different time points (G58, G65). The table represents significant
differences by ANOVA across Line at p<.05. Three families, four genera, and three species were found to
make up a significant line effect. (*) Represent taxa responding to treatment in the antibiotic selection
model at P<.01.

74

Correlation Values on Feed Intake

Correlation Matrix

F Statistic

Correlation Significance

F
P
0.341
6.063
Class
Erysipelotrichi
0.341
6.063
Order
Erysipelotrichales
0.595
25.177
Family
Clostridiaceae
0.341
6.063
Family
Erysipelotrichaceae
0.508
15.983
Family
Peptostreptococcaceae
0.594
25.044
Genus
Clostridium
0.527
17.645
Genus
Peptostreptococcaceae Incertae Sedis
0.425
10.126
Genus
Turicibacter
0.594
25.033
Species
Clostridium_OTU9
0.321
5.269
Species
Lactobacillus apodemi (T)
0.329
5.577
Species
Lactobacillus reuteri JCM 1112
0.437
10.830
Species
Turicibacter_OTU49
0.380
7.778
Species
Turicibacter_OTU70
Table 4: Taxonomic correlations across one replicate for feed intake characteristics. G58 animals were
monitored for their feed intake between 8 and 12 weeks. Correlations were completed between FI/BW
(g/d*g) and the log(relative abundance) of filter passed taxa. Significance was determined at correlations
p<.05.
Taxonomic Rank

Assignment

R

0.018
0.018
0.000
0.018
0.000
0.000
0.000
0.003
0.000
0.026
0.022
0.002
0.008
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Number of Phylotypes

A

Number of Sequences

B

0.2
MH v ML:
P<0.0001

MH v ML:
P=0.0007

MH v ML:
P=0.0083

Daily FI/BW (g/d*g)

0.15

MH

0.1

MC
ML

0.05

0
Pre

Trt

Post

Period
Figure 2 (A,B): Effects of antimicrobials on feed intake in mice selected for heat loss characteristics.
Large doses of antimicrobials were administered to selection lines to perturb the line specific microbiotas.
(A) Fecal pellets from four animals from each line were selected for 16S rRNA‐based pyrosequencing over
the time course. Rarefaction curves based on complete linkage clustering of OTUs measured the effects of
antibiotics on overall diversity of microbial communities throughout the treatment. OTUs were chosen at
a cutoff of 97% sequence identity. (B) The effect of antibiotics on feed intake was monitored in 167
animals. Graphs depict mean daily FI/BW and bars show standard errors. The pre‐treatment difference in
feed intake of 41.8% (P <0.0001) between lines was reduced to 28.3% (P=0.0007) during antibiotic
treatment.

Period
Selection Criteria

Pre Treatment

Treatment

Post Treatment

MH

0.1623

0.1529

0.1566

MC

0.1216

0.1302

0.1435

ML

0.1115

0.116

0.131

Table 5: Feed intake per BW of Animals under antibiotic treatment. Average feed intake per body weight
(g/d*g) for the line across the antibiotic treatment period (Pre, Trt, Post).
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preCol v Col
P=0.0007

0.155
0.15

MH v ML (Corrected)
P=0.0305

Daily FI/BW (g/d*g)

0.145
0.14
0.135

MH

0.13

ML

0.125
0.12
0.115
0.11
Pre‐Colonization

Colonized

Treatment

Figure 3: Transfer of feed intake traits into Germ‐Free recipients using fecal material from donor MH and
ML selection lines. Recipient germ‐free Swiss‐Webster mice were maintained in two separate germ‐free
isolators. Graphs depict mean daily FI/BW and bars show standard errors. PreFI/BW for either isolator (P >
0.25) whereas PostFI/BW was statistically highly significant (P=0.0305); when adjusted for pre feed intake
to body weight (PreFI/BW). Mice colonized with microbiota from MH consumed 0.136g feed/gBW/day
whereas mice colonized by ML microbiota yielded only 0.126 g feed/g BW/d, se = 0.003)

Period

MH

ML

Pre-Colonization

0.139528

0.147118

Colonized

0.132869

0.130002

Table 6: Feed intake per BW of Animals of gnotobiotic animals before and after line specific
microbiome colonization. Average feed intake per body weight (g/d*g) was measured for the lines across
the gnotobiotic study. Pre‐colonization levels reflect isolator‐specific variation. Colonized is average feed
intake per body weight after Swiss‐Webster mice were introduced to the line specific microbiota for 4
weeks.

Lactobacillus apodemi.POST.L

Lactobacillus apodemi.ON.L

Lactobacillus apodemi.PRE.L

Lactobacillus apodemi.POST.H

Lactobacillus apodemi.ON.H

Lactobacillus apodemi.PRE.H

0.0

-0.5

-0.5

-1.0

-1.0
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Lactobacillus apodemi.POST.C
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Lactobacillus apodemi.ON.C
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Lactobacillus apodemi.1.C
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-2.0
-2.5
-3.0

-1.5
-2.0
-2.5
-3.0
-3.5

-3.5
-4.0

-4.0
Replicate.Line

-4.5

Treatment.Line

Figure 4 (A,B): Box and Whisker plots of L. apodemi levels in untreated and antimicrobial treated lines..
Box and whisker plots depict 75% of values (box) and range (whisker) with bars as the mean. (A) Untreated
animals: Replicates (1,2) showed L. apodemi to be significantly higher (P<.05) in the ML (1.L, 2.L) line than
the MH(1.H, 2.H) with the intermediate MC (1.C, 2.C) line. (B) Antibiotic treated animals: In all lines(.C, .H,
.L) antibiotic perturbations (.PRE.ON) nearly eliminated L. apodemi corresponding to an intermediate
feed intake characteristic. With the large antimicrobial dose recovery of L. apodemi appeared strained
(.ON.POST) and feed intake did not consistently return to pretreatment levels after treatment.
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microbial communities that contribute to feed intake phenotypes.
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3. USE OF PYROSEQUENCING TO IDENTIFY NEW INDICATORS OF FECAL
CONTAMINATION AND TEMPERATURE ABUSE IN LEAFY GREENS.

3.1. ABSTRACT
Microbiological testing is a primary strategy used to assess risk that foods and
beverages may be contaminated. Though quite sensitive, current microbiological
methods rely on cultivation of specific organisms or groups of organisms in order to
elevate the population and/or to allow visualization and enumeration. A major
approach to risk estimation has been reliance on “indicator” organisms that are
believed to be associated with risk of pathogen contamination. Reliance on these
cultivation-dependent methods poses many limitations, one of the most significant
being the very limited number of taxa that can be cultivated and enumerated. Even
methods which enumerate the entire microbial load provide no information about
composition, and show only limited correlation between absolute numbers and food
safety/quality characteristics. To circumvent these problems, this project utilizes
cultivation-independent, community DNA sequence-based methods as a means for
safety and quality assessment of foods. Using a model system of fresh spinach
leaves, DNA sequence-based strategies were used to test several criteria that would
need to be met in order to use community analysis as an alternative to standard
microbial screening. Results indicate that pyrosequencing of 16S rRNA tag
sequences amplified from spinach samples can readily differentiate the microbiota of
spinach from the microbiota of bovine feces, a primary source of contamination.
Data shows compelling evidence that the microbiota of spinach is predictable; it is
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distinct from fecal microbiota; and predictable correlated changes occur when spinach
is contaminated artificially in the laboratory. Thus, cultivation-independent, DNA
sequence-based approaches is an alternative to culture-based microbiological testing.

3.2. INTRODUCTION
Food borne illnesses comprise nearly 47.8 million cases each year in the United
States. This translates into the striking statistic that nearly 1 in 6 Americans will have
an incident of food borne illness each year. Even though most cases are mild and
often cause symptoms indistinguishable from other causes, the CDC estimates that
there are at least 127,000 hospitalizations and 3,030 deaths related to food borne
diseases each year. (215) From 2006-2008 3,401 foodborne outbreaks have been
reported (216-218), with 42 large, multistate outbreaks occurring over the last 5 years
(215). Though system-oriented approaches such as Hazard Analysis and Critical
Control Points (HACCP) have been implemented widely, culture-based
microbiological methods are still used to mitigate risk of contamination. Because of
the variety of enteric pathogenic species and the fact that they are often present at low
levels, indicator tests such as total coliform count, Escherichia coli, or total aerobic
plate count method (219) have been used to assess relative risk that a sample is
contaminated with a pathogenic species or spoiled.
Historically, indicator organisms (E. coli and coliforms) were thought to comprise
the dominating members of the intestinal microbiome because they are able to be
cultured, analyzed, and enumerated (25). However, the vast majorities of microbial
species are unable to be cultured or grow under strictly anaerobic conditions and are
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therefore difficult to culture (220-223). With the development of culture-independent
approaches and improved methods for culturing anaerobes, fecal coliforms were
shown to make up only a very small portion of the overall intestinal microbial mass.
All total facultative aerobes, including E. coli, make up less than 0.001% of the
microbiota in the strictly anaerobic mammalian colon (32, 111). Furthermore,
dominate members of the intestinal ecosystem outnumbered currently used fecal
coliforms by many orders of magnitude.
To further complicate their status as risk indicators of fecal contamination, many
coliform species occur naturally in environments outside the gastrointestinal tract;
some are even known to be part of the epiphytic microbiota of plants (113).
Coliforms such as Klebsiella, Citrobacter, Enterobacter (among others) are also
found in soils and can be observed in degrading plant material (219, 224, 225). Others
such as Bacillus, Sphingomonas, and Aeromonas can cause false positive results in
coliform testing although they are not considered part of the coliform group (226).
Given the widespread environments inhabited by coliforms, the significance of their
presence in with raw commodities or minimally processed foods is debated. “Generic
E. coli” does have some merit as an indicator in specific situations such as estimating
risk that bovine carcasses are contaminated with fecal material post slaughter. The
USDA Food Safety and Inspection Service (FSIS) therefore have included this in
mandated HACCP programs for meat processors (USDA Food Safety and Inspection
Service (FSIS)). Nonetheless, because E. coli comprises only a fraction of the fecal
microbiota, one questions the sensitivity of risk assessment approaches based on this

82

indicator. Moreover, when generic E. coli testing has been used retrospectively to test
pathogen-contaminated foods, poor correlation is often observed (227).
Compounding the food safety issues is the fact that economic drivers and market
demand is causing food production companies to increase automation, rate of
production, and consumers are demanding ready to eat or minimally processed
products. In addition importation of raw commodities such as fruits and vegetables,
has increased. Because of this, increasing responsibility lies on the producers and
production companies, making them eager to assess new technologies to limit risk
(228). Studies to date have focused on ways to rapidly detect specific pathogens in
food products focusing on the use of molecular methods to confirm
presence/absences in enrichment cultures. Very little emphasis, however, has been
placed on bettering approaches of indicator testing (113).
Given this opportunity and the availability of methods for detailed analysis of
entire microbial communities, we have focused on evaluating community analysis as
an approach to augment or even replace traditional indicator testing. With outbreaks
through food borne pathogens being linked to fecal-oral transmission (25, 229, 230),
fecal indicator testing remains an important tool for risk assessment. Using a
microbial community-based approach with non-culture-based methods, species not
readily culturable by standard methods but which are present at orders of magnitude
higher than E. coli can be used to asses risk of fecal contamination.
Micro- and macro-organisms are habitually associated andiInteractions between
them shape contrasting environments in different host-microbial communities (178).
Furthermore naturally occurring populations of bacteria and their host, including
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interactions between foodborne pathogens, contribute to entophytic and epiphytic
colonization in plants (114). Currently, 454-based pyrosequencing has become an
established methodology for examining the composition and abundance of diverse
microbial environments. The methodology can measure compositional features of
complex microbial communities in detail, providing an environmental snapshot for
microbial ecosystems previously unattainable. DNA based sequencing approaches
make it possible to explore microbial communities which were under-sampled or
previously unknown. (16, 40, 41, 50, 108, 109). Broader dynamic ranges achieved
from this method (111) increases our ability to detect if a community includes a
given species characteristic of other environments such as feces, sewage or soil and in
turn could be used to assess quality. In this aspect, sequencing technology could be
practical in food quality settings to test for microbial signatures that should not be
present in wholesome foods. Pyrosequencing of 16S rRNA amplicons allows for
detailed characterization of the microbial community from total DNA extracted from
a food source. The community profile results from massively parallel DNA
sequencing of these 16S rRNA amplicons so that each sequence read from a sample
represents an individual microbe. Bioinformatic and statistical analysis then allow for
robust hypothesis testing and conclusions about a single taxa or the entire community.
Recent outbreaks of food borne illness have been attributed to leafy greens and
other fresh fruits and vegetables. It was not until the 1990’s that these foods became a
safety concern, an issue that underscore the need for increased surveillance and
methods that can detect pathogens in unsuspecting food, unusual or new pathogens,
or simply assess risk of contamination. Spinach is an ideal model as it is a minimally
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processed, ready-to-eat, raw commodity and it has been on the forefront of food
safety since the last major outbreak in 2006 (215).The approach will test the
hypothesis that spinach flora has unique microbial communities that differentiate it
from the fecal microbiota in bovine populations. Secondly, we will test the hypothesis
pyrosequencing of 16S rRNA amplicons can detect contaminated or abused samples.

3.3.MATERIALS AND METHODS

3.3.1. Experimental samples, survey protocols and sample collection.

3.3.1.1. Spinach samples: Freshly harvested spinach leaves were obtained from
three different locations in Salinas Valley, CA and one location in Yuma,
AZ. A total of 111 leaf samples were obtained, 72 leaf samples from sites
G,R,S in Salinas Valley, CA and 39 from site Y in Yuma, AZ. These samples
were assessed cover variations in independent variables (such as cultivars,
growing season, climate, processing, etc.). Salinas Valley and Yuma
represent the two primary regions of leafy green spinach (>90%) in the
United States during the summer (Salinas Valley) and winter (Yuma).
Having direct access to plants from Salinas Valley, CA and Yuma, AZ gave
an unprecedented look into food grade raw commodities these regions are
principle in supplying the leafy greens to the United States. Samples from
these regions were shipped on dry ice, levas were washed to remove the
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phylloplane bacterial populations and DNA was extracted from this wash
immediately upon arrival.

3.3.1.2. Bovine fecal samples: To develop represent bovine fecal microbiota
profiles, 145 bovine feces from the USDA-MARC herd Nebraska were
collected by rectal grab and stored at -80 until use for DNA extraction.

3.3.1.3. Corn samples: Direct sampling of corn samples was completed to
determine if variation within species was greater than between maze and
spinach. The corn samples were obtained from 77 different lines of the
NAM (nested association mapping) collection (231-233), a genetic resource
population.

3.3.1.4. Sampling for temperature abuse and cross contamination of feces on
spinach: Cut spinach leaves from 50 randomized G,R,S samples in Salinas
Valley, CA were pooled to achieve a uniform composite. Samples of ~20
leaves were chosen from the composite and subjected to three independent
bovine fecal contaminations from the diverse bovine fecal samples from the
USDA-MARC herd. Fecal contamination was presented though a slurry by
making dilutions of 1:100, 1:1,000 or 1:10,000 by diluting feces weight to
volume in 0.1% peptone solution. Contamination with each of these
dilutions was carried out in two different contamination ratios; 1:1 and 1:3
contaminated to uncontaminated leaves. Portions of each dilution and ratio
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treatment were sampled over 4 days to monitor effects of contamination
over time. All samples were stored at 4ºC during the experiment. DNA was
extracted immediately after sampling at each time point over the 4 day
study. Positive controls were made by directly inoculating 2g of fecal
material into 20 leaves of spinach, negative controls for spinach used 20
leaves from the composite. The fecal samples were also sampled directly. A
portion of the spinach composite was also used to test for effect of
temperature abuse on the microbiota. For this experiment, samples of 20
leaves were incubated at roughly 25ºC (Room Temperature) and 37 ºC for
the 4 day period and sampled each day over the time course. A blank
negative control was used containing only the peptone solution. This blank
negative control represented 0.00196% of the total reads signifying a low
background for the experiment prior to the sequencing run.

3.3.2. Whole DNA extraction.
Microbial communities are assessed by washing the epiphytic surface of
cut spinach in 50mL 0.1% peptone solution for 30 minutes. After washing, the
buffer was removed and the bacteria were recovered from the buffer by
centrifugation. Total DNA extraction is then completed in parallel on the
BioSprint 96 (Qiagen) using the BioSprint 96 One-For-All Vet Kit. The
procedure is followed per manufacturer’s recommendations except that an
additional step of physical lysis is introduced by bead beating with glass beads
and the TissueLyserII (Qiagen).
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3.3.3. Pyrosequencing.
All 111 spinach, 145 bovine, and 77 corn samples were subjected to 454based amplicon pyrosequencing. The sequencing was conducted on PCR
products amplified from the V3-V1 region of the 16S rRNA genes. The region
was amplified from the total DNA extract using modified versions of the A518
and B8 PCR primers. The modified primers contain the Roche “A” or “B”
sequence adapter upstream of the A518 and B8 sequence. A unique 8-bp
sequence was added to 96 different “A” primers so that multiple “A” primers
could be used to amplify individual samples and resulting samples could be
sequenced in parallel. The V3-V1 region of the 16S rRNA gene was
amplified using bar-coded fusion primers with the Roche-454 A or B titanium
sequencing adapters (in italics), followed by a unique 8-base barcode
sequence (B) and finally the 5’ ends of primer A-518RM (5’ CCATCTCATCCCTGCGTGTCTCCGACTCAGBBBBBBBB
ATTACCGCGGCTGCTGG-3’) and of primer B-8F (5’CCTATCCCCTGTGTGCCTTGGCAGTCTCAGAGAGTTTGATCMTGGCTC
AG - 3′). PCR conditions (TaKaRa Ex Taq) and pyrosequencing runs (454
Roche) follow the manufacturers’ recommendations. All PCR reactions were
quality-controlled for amplicon saturation by gel electrophoresis; ban intensity
was quantified against standards using GeneTools (Syngene). For each region
of a two-region picotiter plate, amplicon reactions were pooled in equal
amounts based on the GeneTools output to achieve a read distribution of
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~10,000 sequences/sample and the resulting sample was gel-purified (16).
Recovered products were quantified using picogreen ds DNA broad range
assay (Invitrogen Q32850) by a Qubit fluorometer (Invitrogen Q32887),
spectrophotometer (nano-drop ND-1000) and bioanalyzer (Agilent 2100) and
sequenced using Roche-454 GS FLX/Titanium chemistry. Raw read output
was filtered by length and quality procedures and binned by sample specific
barcodes. For each region of a two-region picotiter plate, amplicons from up
to 48 reactions were pooled in equal amounts.

3.3.4. Raw data filtering and binning.
Raw read data from the 454 pyrosequencing runs were processed through
a quality filter removing sequences that fail to meet the following criteria:


A complete forward primer and barcode present



No more than 2 “N” characters (where N is equivalent to an
interrupted and resumed signals from sequential flows)



Length greater than or equal to 200nt but not longer than 500nt



An average quality score above 20

After filtering, sequences were binned to sample-specific barcodes. Each
read is trimmed to remove 3’ adapter, primer sequences, and barcode. The
corresponding FASTA and QUAL files were updated to remove quality scores
from reads not passing quality filters. The files are associated with sample
information in a hierarchical manner in MySQL tables. The processed data
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and the MySQL database tables are stored on a database server
http://cage.unl.edu, allowing data to be made public after publication.

3.3.5. Taxonomic analysis and statistical method.
A CLASSIFIER+CD-HIT approach was subsequently used for
determining taxonomic classification. Sequences were first parsed through the
MULTI-CLASSIFIER (131) to separate those sequences that meet a geneslevel threshold criterion. The algorithm assigns taxonomic status to each
sequences read based on a covariance model developed from a training set of
16S rRNA sequences. Reads are classified down to the genus level at a
threshold of >0.8 were further assigned species or OTU status using the bestBLAST hit to search a highly curated set of reference sequences from RDP
CLASSIFIER (131) and the SILVA (198) databases. Sequences not meeting
the BLAST criterion were assigned as an OTU with a genus level taxonomy.
Sequences unable to be CLASSIFED at any taxonomic level were
concatenated and binned through an OTU picking approach CD-HIT-EST
(143). This algorithm groups related sequences on the basis of k-mer
similarity by a cutoff threshold into OTUs for downstream analysis. A .97
sequence identity threshold and a .90 minimum coverage threshold were used
to model ‘species’- level phylotypes. As with classified sequences, the OTUs
from CD-HIT were also used to query the curated 16S rRNA database to
assign best-hit taxonomic status. OTUs or taxonomic bins were excluded if
the bin failed to have on average 20 sequences per animal for taxonomic bins
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above this minimum, any animals having no counts were assigned 0.5 read
abundance to preclude issues with log transformation.
After assigning taxonomic status through the CLASSIFIER/OTU pipeline,
absolute proportions of communities meeting this criterion were conducted
by:

Communities were excluded if the overall environmental group (corn,
bovine, or spinach) or (Contaminated, Control, or Heat) per taxonomic
assignment is 0.1% of the average relative proportion across the group defining
a minimum abundance threshold for detection. Taxa below this threshold were
discarded if the threshold was not met for at least one environment tested. In
this regard taxa may be below the threshold or even zero as long as a second
environment was above the 0.1% baseline. Significance testing was conducted
between groups by one way ANOVA treating environmental group (spinach
leaves, corn leaves, or bovine fecal isolates) as the main effect. When spinach
leaves were treated with bovine fecal isolates or temperature abused all polluted
samples were treated as contaminated or temperature abused, respectively,
regardless of individual treatments applied to the leaves. Scheffe testing was
performed within taxa to test specific contributions between environmental
groups. All significant members of the microbial communities across
environmental groups were determined significant ANOVA at p<0.01. PCA
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analysis was performed across all samples on species level taxonomic
assignments crossing the minimum threshold of 0.1%.

3.4.RESULTS

3.4.1. Technical Repeats of Spinach Composites
Because the epiphytic microbiota has highly complex communities we
first tested repeatability of sequencing to determine the threshold for sample
error. Technical repeats of four identical samples spinach composite showed a
relative abundance of 0.1% was necessary for any given taxonomic group to
have a high probability of correlation between replicates (Figure 1). This
threshold was applied across each group within the entire population. While
the taxa meeting this group represented only a small proportion of the species
(<2%) detected they accounted for >85% of the sequence reads assigned to a
species level by the CLASSIFIER+CD-HIT method. This minimum
abundance threshold provided the baseline that taxa must be present on
spinach or when leaves were contaminated/abused to be useful for identifying
signatures within spinach microbiota or across the microbiota of abused leaves
or contamination events.
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3.4.2. Core microbial compositional differences of spinach and corn leaves to
bovine feces.
To serve as a measure of contamination, the microbial community from
the food and fecal matrices must have compositional features that are unique
and differential. The minimum abundance threshold selected for taxa across
13 phyla, 20 classes, 35 orders, 77 families, and 152 genera with our
CLASSIFIER+CD-HIT pipeline identified 424 usable species (meting the
minimum abundance threshold) across the corn, bovine, and spinach
environments. Our pyrosequencing results showed that even at the phylum
level, differences between fecal and plant (corn and spinach) microbiotas were
substantial. Discriminate power between sample types using PCA increased at
lower taxonomic levels (Figure 2). In general, plant members contain large
proportions of Proteobacteria, Actinobacteria and Cyanobacteria (which likely
arise from chloroplast DNA contaminating the DNA sampled). Fecal samples
showed the expected large proportions of organism belonging to the phyla
Bacteroides and Firmicutes (Figure 3), which are generally found with low
abundances within the spinach flora. At the family level, spinach was
dominated by Bacillaceae, Enterobacteriaceae, and Pseudomonadaceae these
make up, on average, 33.5% of the sequencing reads across the spinach
phylloplane. The spinach and corn phylloplanes were differentiated from one
another, but share the dominant taxa Enerobacteriacea and Psudomonadaceae,
in corn these taxa made up 17.3% of the average sequences. Rhizobiaceae,
Flavobacteriaceae, Comamondaceae, and Xanthomonadaceae also dominated
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the corn environment at each >5% of the total average sequencing reads
combined these taxa make less than 1.6% of the average sequence reads in
spinach. The above six taxa dominating corn phylloplane reads encompass
and 55.1% of the sequencing reads of corn. Furthermore when taken into
account that chloroplast reads are picked up in these two environments, these
dominating taxa make up 55% of the non-chloroplast reads in spinach and
nearly 66% of the non-chloroplast reads in corn.
Both of these plant microbiotas were readily distinguished from bovine
feces which, on average, contained high numbers (>4.9% of the total average
reads) of Lachnospiraceae, Provotellaceae, Ruminoccaceae, and
Succinovibrionaceae that are barely present on the spinach phylloplane;
together these taxa make up less than 0.08% of the spinach phylloplane.
Collectively these made up 61.7% of the average total bovine sequencing
reads. Statistical analysis showed clear association with the host as a total 11
phyla, 18 classes, 31 orders, 71 families, 133 genera, and 354 species
(including all the above mentioned dominating taxa members) were
significant by ANOVA at p<0.01. Thus, the first criterion seems to be
fulfilled; the plant phylloplane microbiota is clearly distinct from the fecal
microbiota.

3.4.3. Contamination and abuse of spinach.
To determine if pyrosequencing could detect changes in the microbiota
from fecal contamination or temperatures abuse, a pool of spinach leaves was
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prepared and contaminated at various levels with a fecal slurry (see materials
and methods) or was subjected to simulated temperature abuse (storage at
room temperature and 37ºC). Using a minimum abundance threshold of 0.1%
taxa, 307 usable species were established, representing 10 phyla, 16 classes,
26 orders, 60 families, and 104 genera with our CLASSIFIER+CD-HIT
approach. To identify taxa that were true indicators of contamination or abuse,
contaminated and temperature abused leaves were tested at all time points by
ANOVA; 4 phyla, 7 classes, 14 orders, 23 families, and 38 genera and 112
species were found significant (P<0.01).

3.4.3.1. Detection of bovine feces on spinach: Given the uniqueness of bovine
fecal microbiota we tested both ecological based approaches and statistical
approaches for their ability to discern contaminated samples. For our ecological
approach, we used diversity (species richness and evenness) estimates to
determine if diversity changes could be used to signal contamination. Diversity
was estimated, pyrosequencing data by rarefaction analysis (131) (Figure 4).
Control spinach samples in general contained less phylotypes per
sequence read than highly contaminated leaves. This might be expected as
these two environments have unique microbitas and mixing them would
theoretically increase the overall diversity. However, samples with dillute
fecal material and low ratios of contaminated to uncontaminated leaves less
diversity was observered and the samples are not left shifted as with high
contamination. There was also variation depending on which fecal samples
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was used for the contamination. Fecal samples 1 and 3 show nearly all
contaminated samples as left shifted but Fecal sample 2 shows only a subset
as it had lower levels of contamination. Regardless, any sample with a
diversity greater than 2000 phylotypes at a depth of 5000 sequences was
clearly contaminated. In this regard diversity alone could potentially be useful
in detecting contamination, as samples above this threshold are more likely to
have encountered contamination.
As a second approach we again used pattern discovery methods, such as
PCA, to determine if microbiota from contaminated leaves was differential
from control leaves. PCA analysis on 442 species level OTUs meeting the
minimum abundance threshold separate contaminated samples (Figure 5).
The discriminate power increased at lowest taxonomic levels with PCA of
species/OTU data showing grouping of sample by type. Variation in the
contamination patter was primarily due to storage at 4ºC for the time course
as well as different dilutions of feces applied to leaves.
Significance testing by ANOVA also showed clear differentiation in the
microbiota of contaminated, and control spinach leaves. The distinction
between contaminated and control leaves was primarily within the phylum
Firmicutes, where contaminated leaves had on average 49.2% of their
sequencing reads dominated by this phyla compared to >7.5% in the spinach
control. Nearly all of these reads (64% or 31.4% of all contaminated
sequence reads) were comprised from the five families of Lachnospiraceae,
Clostridiaceae, Peptostreptococcaceae, Ruminococcaceae, and
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Erysipelotrichaceae (Figure 7) each having on average >4.9% of the
sequencing reads for the contaminated spinach leaves. In contrast control
leaves were primarily dominated by the Pseudomonadaceae comprising
nearly 31% of all sequencing reads for control spinach. These taxa dominate
the fecal microbiota and are several orders of magnitude more abundant that
E. coli (generic) which wasn’t even detected in our samples. Given their
abundance, specifically for fecal environments, and stability at 4ºC, we
believe these taxa could serve as a new generation of true fecal indicators.
qPCR assays specific for these taxa are likely to be much more sensitive and
reliable predictors of risk.

3.4.3.2. Temperature abuse of raw spinach leaves:
When looking at temperature abuse specific taxa among the spinach flora
expanded compared to controls. Overall quantitative species composition,
PCA analysis was again able to separate abused and control samples. (Figure
6).
Taxa responeded to temperature abuse were defined as having >1% of the
average sequencing reads for temperature abused samples and >3.5 fold
difference in relative abundance in relation to the spinach controls. The
families of Sphingobacteriaceae (4.6% of the average sequencing reads, 9.12
fold difference average of temperature abused leaves over control leaves),
Alcaligenaceae (1.2% of the reads, 15.2 fold difference), Comamonadaceae
(1.2% of the reads, 6.6 fold difference), Flavobacteriaceae (6.9% of the reads,
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19.6 fold difference), and Bacillaceae (3.4% of the reads, 3.8 fold difference)
were also greatly expanded when leaves were temperature abused (Figure 7).
The relative ratios of microbes from these families could therefore serve as
markers to define the presence of improper storage as these taxa continued to
expand over the 4 day sampling period.

Results from these two studies showed clear distinguishing markers between
wholesome and contaminated/temperature abused samples.

3.5.DISSCUSSION
With next generation sequencing platforms such as the Roche 454 Flx+, the
Illumina HiSeq, and Ion Torrent PGM rapidly evolving, sequencing will likely be
used in the near future on a regular basis in diagnostic testing. It is now possible to
both qualitatively and quantitatively evaluate microbial environments that are
associated with food and food product testing. Furthermore, massively parallel
sequencing produces community snapshots that are not possible by using traditional
culture-based methods. With the broad dynamic range produced by pyrosequencing,
new candidates that accurately predict fecal contamination or temperature abuse can
be identified across a wide variety of food products. Ideally, defining candidates
could lead the forefront of new rapid method testing in predicting wholesome verses
contaminated foods. This approach can help pinpoint more accurate indicator taxa.
Moreover, these indicators can be established for risk as well as favorable
characteristics such as shelf-life or even organoleptic properties.
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Findings linking community structure to the natural ecology of plants could help
understand the processes behind colonization of fresh produce and conditions that
may favor colonization or persistence of pathogens. It is possible that the natural plant
microflora could reduce, inactivate or inhibit enteric pathogens in raw commodities.
Information gained will be advantageous in developing agricultural practices for preharvest and post-harvest safety of fresh fruits and vegetables (114).
The sequencing technologies can allow for visualization of all the changes that
take place when the genetics, nutrition or environment of food plants, animals, or
production facilities are altered (234). Identifying pathogens directly is difficult as
many pathogens are rare and detection is limited to highly technical, low level
clinically based PCR assays. To further complicate things, only a small group of
genes differentiate virulent strains from non-virulent which would be grueling to
isolate and monitor over large samples (111). Moreover, as illustrated by the newly
emerged E. coli O104:H4 outbreak in Europe. New strains can emerge quickly that
are not detected by current testing methods. Using a true metagenome study, along
with assembly of the sequences into long genomic segments of the organisms, one
could potentially differentiate known pathogens and strains having new and
potentially virulent gene combinations (235). Such an approach would also allow one
to study the ability of microbes to adapt to and survive various processing conditions
(114). Second generation of DNA-sequencing platforms will become commercially
available in near future; these instruments will provide a new depth of sequencing at a
lower cost than previous generations. These new machines will provide the
sequencing power to limit the use of traditional 16S rRNA amplicon sequencing and
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instead allow for true metagenomic studies of environmental isolates. Metagenomic
studies will be able to provide important insights into the evolution, biology, and
ecological fitness of microbial communities and the genetic functional properties
within them. Genomic tools could be expanded directly and quickly monitor for food
pathogens, or virulence and spoilage genes. Furthermore, technology will allow for
sequence based studies assessing bacterial behavior across the entire food production
process, from the raw material to the finished consumer products. This will provide
precise data on how communities respond to production stress and where potential
hazardous microbes are entering the food stream. (113) In turn precise mechanism to
control food safety and quality may be determined at the microbial level.
However, currently to adjunct or replace indicator testing models with
community profiling methods would mark a sizeable leap in food assessment.
However, the direct use of pyrosequencing as the sole method for assessing risk is
highly technical and time consuming, requiring an experimentally driven foundation
in laboratory settings. Even without these hurdles, the technology is still far too
expensive to replace indicator testing. However, the pace at which the sequencing
technologies are evolving portends eventual closure of the cost hurdle. Because
bioinformatics will be the barrier, the time is right to begin development of
bioinformatics tools that can capitalize on sequencing platforms.
In practice it direct assessment could be completed in industry settings,
however it is unlikely that enough users could have the requisite expertise in the food
industry and the time and computational constraints would make it difficult to warrant
widespread use. Therefore, to implement risk management techniques, identified
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candidates from sequencing relating to a high risk of contamination/abuse will need
to be analyzed through other methods. Quantitative real-time PCR is an attractive
application for this as it allows for thousands of different reactions to be completed
simultaneously within a few hours. If high risk microbial candidates can be identified
and established, future work would focus on implementing alternative methods that
could be utilized in the food industry. Our data identified members the Families of
Lachnospiraceae, Clostridiaceae, Peptostreptococcaceae, Ruminococcaceae,
Erysipelotrichaceae Sphingobacteriaceae, Flavobacteriaceae, Alcaligenaceae,
Comamonadaceae and Bacillaceae. Many of these families identified in this study as
indicative of contamination have already been analyzed and quantified by qPCR
methods in laboratory settings (236-238), this leap into the indicator testing arena
would therefore be effortless. Furthermore, significant members of our lab
contamination of spinach leaves included Lachnospiraceae, Clostridiaceae, and
Ruminococcaceae, members that have been shown to be “ubiquitous bacteria detected
from cattle feces” (239). Furthermore, Erysipelotrichaceae has been found to be a
high abundance member of dairy cows (240) and Peptostreptococcaceae has been
associated with yearly fluctuations in bovine feces (241). Family members of
Flavobacteriacea (242) and Bacillaceae (243) have also been documented to follow
plant destruction and spoilage, giving credibility to our findings.
The used pattern-finding approaches such as PCA to differentiate samples and
help identify taxa contributing contamination and abuse. The advantage is that the
entire set of taxa was considered as opposed to treatment of taxa as discreet units in
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ANOVA. Use of PCA-type methods may therefore help identify natural trends in the
data and be less subject to multiple testing errors associated with ANOVA.
Organisms found in the top percentile of PCA case wise scores were
extrapolated. These organisms played a major role in shaping the overall PCA pattern
finding. Top scores for contamination organisms such as species of Faecalibacterium
prausnitzii, Roseburia intestinalis, and OTUs of genera from Turcibacter,
Oscillibacter have been characterized as members of the gut of feed animals (244246). Spoliage organisms such as species from the Bacillus, Pseudomonas and
Erwinia genera (243, 247, 248) were also found as being in the top percentile of case
wise PCA scores for temperature abuse.
Initial findings signify that 454 sequencing utilizing community profiling
methods could be implemented as a novel method of assessing new indicator
organisms in raw commodities. With outcomes clearly showing distinction between
wholesome and contaminated products community profiling could lead the forefront
for a host of novel molecular methods in eliminating high risk foods from ever
reaching consumer markets.
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Abundance (log{RA})
Figure 1 ‐ Pairwise combinations of data from four spinach biological replicates. Processed and filtered
sequences from each barcode–sample combinations were then assigned taxonomy by CLASSIFIER.
Relative abundance (RA) for sequence counts in each taxonomic bin was plotted for all pairwise
combinations of the replicates. Axes were log10‐transformed values for total sequence reads of each
taxon. The red crosshairs indicate the 0.1%‐average read threshold. Above this number, correlation
reaches >0.741 significant at p <.001: below this number, correlation dissipates rapidly.
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Principle Component 1

Figure 2 ‐ PCA grouping of species level taxa between bovine feces, corn leaves, and spinach leaves. 442
species were used to conduct PCA analysis across all samples for the three environments above the
minimum abundance threshold of 0.1% (Corn Leaves, Spinach Leaves, and Bovine Feces). The additive
effects of species explaining the variation of these environments is primarily in the first three principal
components (1 – 32.86%, 2 – 26.54%, 3 – 9.25%).
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Figure 3 – Box and whisker plots of bovine feces, corn leaves, and spinach leaves. Taxonomic reads
assigned to the phylum level were plotted where box and whisker plots show: the maximum, 75
percentile, mean, 25 percentile, and minimum relative abundance (RA) across each environment. Bovine
Feces are shown in grey, corn in blue and spinach in green.

Number of Phylotypes
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Number of Sequences
Figure 4 (1, 2, 3): Species richness of contaminated verse non‐contaminated spinach samples. Diversity
was analyzed using the RDP Pyro pipeline where samples underwent rarefaction analysis at from results
obtained from complete cluster linkage at 0.97. Fecal samples 1 (blues), 2 (greys), and 3 (reds) were
compared to two independent replicates of control samples (green) over a 3 day (D0, D1,D2,D3) period
with each fecal sample dilution (1:100, 1:1000, 1:10000) and contamination ratio(1:1, 1:3) listed in the key
(+) signifies a positive control where feces was added directly to the spinach without a dilution or
contamination ratio. Figure 4‐1 represents fecal sample 1, Figure 4‐2 for fecal sample 2 and Figure 4‐3 for
fecal sample 3.
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Principle Component 1

Figure 5 ‐ PCA grouping of species level taxa between bovine feces, spinach leaves, and pooled fecal
contaminated or uncontaminated spinach leaves . 424 species were used to conduct PCA analysis across
all samples for the five environments above the minimum abundance threshold of 0.1% (Spinach Leaves,
and Bovine Feces, Bovine Fecal Controls, Pooled Spinach Leaves Contaminated with Bovine Feces and
Uncontaminated Pooled Spinach Leaves). The additive effects of species explaining the variation of these
environments is primarily in the first three principal components (1 – 38.18%, 2 – 31.68%, 3 – 4.46%).
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Principle Component 1

Figure 6 ‐ PCA grouping of species level taxa between spinach leaves and pooled temperature abused or
un‐abused spinach leaves. 309 species were used to conduct PCA analysis across all samples for the three
environments above the minimum abundance threshold of 0.1% (Spinach Leaves, Pooled Control Spinach
Leaves and Pooled Abused Spinach Leaves). The additive effects of species explaining the variation of
these environments is primarily in the first three principal components (1 – 64.49%, 2 – 7.52%, 3 – 5.06%).
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Treatment

Figure 7 – Effects of contamination/abuse on the spinach epiphyte. (C) Significant Family level taxa were
plotted by relative abundance along the 4 (D0,D1,D2,D3) day time‐course. Taxa represented the three
fecal samples and heat abused samples which are labeled according to abuse type (1,2,3) for contain fecal
signatures at different dilutions (1:100, 1:1000, 1:10000) and ratios (1:1, 1:3) where (+) indicates positive
fecal controls and (25,37) are temperature abused at the two different temperatures. C denotes negative
spinach controls.
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4. DISSCUSSION

After the seminal report in 2005 of the 454-based massively parallel sequencing
(101). Pyrosequencing has been used to explore microbial communities as they relate to
environmental microbiology, human health, and animal health (18-20, 50, 115, 184). In
the work outlined through this dissertation we have further adopted pyrosequencing to
two different projects that emphasize understanding how microbiomes assemble and
influence physiological traits (heat loss and feed intake) and secondly on application of
the technology to diagnostic microbiology. Both of these applications share the same
fundamental aspect of microbiome assemblies and require emphasis on reliable
approaches for classification and quantification of the data. In both studies, we emphasize
use of parametric statistical methods. It is possible that non-parametric approaches would
augment data analysis and allow the use of the full data sets. However, sample error will
still be a problem for non-normally distributed data.
Despite the plurality of distributions that can be observed from multiple taxa, the
dominant members of the microbiota from mice and the spinach phylloplane comprise a
relatively small number of taxa and make up a large proportion of the biomass. Changes
in these core sets of taxa were instrumental in identifying responses to selection in the
mouse model and contamination in the spinach model. The ability to discern these
changes was, of course, dependent upon significant numbers of samples to overcome the
effect of sampling error and variation in the microbiota.
In addition to application of taxonomy-based parametric statistical analysis, we
also used pattern-finding approaches such as PCA to differentiate samples and help
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identify taxa contributing to the patterns. One aspect of this strategy is that the entire set
of taxa was considered as opposed to treatment of taxa as discreet units in ANOVA. Use
of PCA-type methods may therefore help identify natural trends in the data and be less
subject to multiple testing errors associated with ANOVA.
Overall, these first explorations into the microbiome have taught us that as a
phenotype or as an indicator, the complexity of the microbiome will demand application
of robust statistical and analytical methodologies. Particularly for the indicator testing it
will be unlikely that users could have the requisite expertise in the food industry.
Therefore, robust automated methods for data analysis will continue to be a need.
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